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Abstract: We present a new method of self-supervised learning and knowledge distillation based on
multi-views and multi-representations (MV–MR). MV–MR is based on the maximization of depen-
dence between learnable embeddings from augmented and non-augmented views, jointly with the
maximization of dependence between learnable embeddings from the augmented view and multiple
non-learnable representations from the non-augmented view. We show that the proposed method can
be used for efficient self-supervised classification and model-agnostic knowledge distillation. Unlike
other self-supervised techniques, our approach does not use any contrastive learning, clustering, or
stop gradients. MV–MR is a generic framework allowing the incorporation of constraints on the learn-
able embeddings via the usage of image multi-representations as regularizers. The proposed method
is used for knowledge distillation. MV–MR provides state-of-the-art self-supervised performance
on the STL10 and CIFAR20 datasets in a linear evaluation setup. We show that a low-complexity
ResNet50 model pretrained using proposed knowledge distillation based on the CLIP ViT model
achieves state-of-the-art performance on STL10 and CIFAR100 datasets.

Keywords: image representation learning; self-supervised learning; knowledge distillation; semi-
supervised learning

1. Introduction

Self-supervised learning (SSL) methods are alternatives to supervised ones. In recent
years, the gap between SSL and supervised methods has decreased in performing down-
stream tasks, including image classification [1], object detection [2], and semantic image
segmentation [3,4]. A general idea behind the SSL models for image classification is to train
an embedding network, often called an encoder, on an unlabeled dataset and then to use
this pretrained encoder for the downstream tasks.

The general goal is to ensure the invariance of embeddings to different inputs known
as augmentations or views. However, this approach might lead to trivial solutions when
two branches of encoders produce the same output. As a result, one observes an effect
known as a collapse in training when no meaningful representation can be learned for
different inputs. Therefore, there have been a lot of recent works tackling this issue by
regularizing the networks to avoid such a collapse. Several key approaches have been
developed to mitigate these negative impacts, using different tactics. The first group of
methods aims to directly maximize the mutual information between the input image x and
its positive pairs created on the basis of augmentations. In this view, an exponential prior
on the conditional distribution in the representation space and an associated contrastive
loss with positive–negative pairs as in InfoNCE [5] is assumed. Unfortunately, such an
approach is quite computationally expensive in practice, due to the need for a large batch
size to incorporate the large number of negative pairs. The second group of methods aims
to avoid collapse by introducing different asymmetries in two branches at the training stage.
Examples of this approach are training one network with gradient descent and updating the
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other with an exponential moving average of the weights of the first network [6] or intro-
ducing regularizers on the learned representations such as regularization by decorrelation
on the dimensions of the embeddings [7], etc. The third group of methods is Masked Image
Modeling (MIM). These methods primarily focus on avoiding collapse and learning rich
image representations by predicting the missing parts in masked inputs. This methodology
relies on masking a portion of the input image and training the model to predict these
masked parts, thereby learning contextual and semantic information. A notable method
in this domain is the BEiT [8], which introduces a transformer-based model that learns to
predict the masked visual tokens, analogous to the masked language modeling in NLP.
Another significant approach is the MAE (Masked Autoencoder) [9], which uses an asym-
metric encoder–decoder structure, where the encoder processes only visible patches and
the decoder reconstructs the masked patches. While MIM effectively learns representations,
it is a transformer-specific approach and not transferable to other architectures.

The proposed approach avoids the embeddings’ collapse by introducing the depen-
dence maximization between trainable embeddings and hand-crafted features using distance
correlation [10]. Distance correlation, unlike other losses in latent space, allows computing
dependencies between feature vectors of different shapes. We maximize the dependence be-
tween different embeddings while preserving the variance in them. We show that variance
preservation maximizes the entropy of embeddings, which makes them unique and distin-
guishable. Our approach is different from InfoNCE [5], which advocates a contrastive loss
that maximizes the mutual information (MI) between input image x and its positive pairs.
In contrast to the InfoNCE, our approach is not contrastive, does not require large batch
sizes, and allows computing the distance between embeddings and features of any shape.
It is also different from methods such as Barlow Twins [7] and VICReg [11] since we do not
explicitly minimize the dependencies between the components within the embedding.

We also show that the proposed approach can be used for efficient representation
learning and latent space-agnostic knowledge distillation. The approach is based on the
dependence maximization between the embeddings of the target trainable encoder, repre-
sented by the ResNet50 [12], and the embeddings of the pretrained encoder, represented by
the CLIP [13] (based on ViT-B-16 [14]). Since the distance correlation is agnostic to the latent
space shape, any pretrained encoder with any latent space can be used for knowledge
distillation. To our best knowledge, we are the first to propose a model-distillation method
that is agnostic to the latent space shape.

The main goal behind MV–MR is twofold: (i) maximizing the invariance of em-
beddings, i.e., maximizing the proximity of embeddings for the same image observed
under different views, and (ii) maximizing the amount of information in each embedding,
i.e., maximizing the variability of the embedding. Furthermore, to avoid the collapse during
training, we regularize the branch with the augmentations by imposing the dependence
constraints on a set of representations extracted from various encodings.

The proposed approach introduces several unique features: (i) we introduce a novel
SSL approach that avoids collapse thanks to an additional regularization term that maxi-
mizes the dependence between trainable embeddings and various feature vectors using
distance correlation; (ii) up to our best knowledge, the proposed method is among the
first that uses the dependence maximization of the latent space based on distance corre-
lation for SSL; (iii) the proposed method is agnostic to the latent space shape and, thus,
can be used with any types of features; (iv) we introduce a novel knowledge distillation
technique that is agnostic to model and shape of latent space; (v) we demonstrate the
state-of-the-art classification results on the STL10 [15] (89.71%) and CIFAR20 [16] (73.2%)
datasets using a linear evaluation protocol for non-contrastive SSL methods; (vi) we pro-
vide the information-theoretic explanation of the proposed method that contributes to the
explainable ML; (vii) we demonstrate how the complex CLIP model with 86.2 M parameters
trained on 400 M text–image pairs can be distilled into a ResNet50 model with just 23.5 M
parameters trained on the STL10, CIFAR100 [17], and ImageNet-1k [18] datasets; (viii) we
achieve state-of-the-art performance in knowledge distillation in the image-classification
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task using the ResNet50 model as student and CLIP ViT-B-16 as teacher on CIFAR100, with
78.6% accuracy.

We have three loss terms in our objective function: (a) the first term L1 consists of
the mean square error (MSE) loss between the embeddings from the non-augmented view
and augmented views of the same image; it is used for the invariance of embeddings,
and we introduce additional variation terms that are used for maximization of the vari-
ability of the embeddings (we demonstrate that this term originates from an upper bound
on mutual information between these embeddings under corresponding assumptions);
(b) the second term L2 stands for the distance correlation between the embeddings from
the augmented and non-augmented views that complements the first term to capture
non-linear relations between the embeddings; and (c) the third term L3 corresponds to
the distance correlation between the embeddings from the augmented view and multiple
image representations. For the non-learnable or hand-crafted representations, we have
studied various techniques of invariant data representation that are well-known in com-
puter vision and image-processing applications. The studied hand-crafted features include,
but are not limited tp, ScatNet [19] features, local standard deviation (LSD)-based [20]
filters, and histograms of oriented gradients (HOG) [21]. Additionally, to demonstrate the
flexibility of the proposed method, we have also considered random augmentations of the
original images flattened into feature vectors as instances of hand-crafted features. Since
distance correlation is shape-agnostic for the features, we are able to combine features of
different shapes in the loss functions. Also, replacing hand-crafted features with embed-
dings from pretrained networks is used for model distillation, without the need to change
losses, architecture, or feature dimensionality.

2. MV–MR: Motivation and Intuition

MV–MR pretraining and distillation schemes are schematically shown in Figures 1 and 2,
respectively. The dimensions of embeddings with and without augmentations are the same,
i.e., z̃ ∈ RD and z ∈ RD, respectively. These embeddings are extracted from the augmented
x̃ and non-augmented x via a generalized parametrized embedder qϕz(·|·) that can be
deterministic or stochastic with parameters ϕz. The encoder can be a parametrized neural
network of any architecture. A kth hand-crafted descriptor z∗k , where k ∈ {1, 2, · · · , K}
and K stands for the total number of hand-crafted descriptors, is generally a tensor of
dimensions Hk × Wk × Ck and is flattened to Dk = HkWkCk. This descriptor is generally
obtained via deterministic assignment z∗k = fϕz∗k

(x) or sometimes via stochastic mapping

Z∗
k ∼ qϕz∗k

(
z∗k |x

)
, where ϕz∗k denotes the parameters of the kth feature extractor.

2.1. Motivation: Regularization in Self-Supervised Representation Learning

The learned representation should contain the informative representation of data
with lower dimensionality and should be invariant under some transformations, i.e., to
ensure the same latent representation for the data from the same sample passed through
certain transformations. The satisfaction of these conflicting requirements in practice is not
a trivial task. Many state-of-the-art SSL techniques try to find a reasonable compromise
between these requirements and practical feasibility solely in the scope of machine learning
formulation by imposing certain constraints on the properties of the learned representation
via the optimization of encoder parameters under augmentations.

At the same time, there exists a rich body of achievements in the computer vision com-
munity in the domain of the hand-crafted design of robust, invariant, yet discriminating
data representations [21–24]. Generally, the computer vision descriptors are very rich in
terms of targeted invariant features and quite efficient in terms of computation. However,
to our best knowledge, such descriptors are not yet fully integrated into the development
of SSL techniques. Therefore, one of the objectives of this paper is to propose a framework
where the SSL representation learning might be coupled with the constraints on the em-
bedding space offered by the invariant computer vision representations. Our objective is
not to consider a case-by-case approach on how to couple SSL with a particular computer
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vision representation but instead to propose a generic approach where any form of desirable
computer vision representation can be integrated into the SSL optimization problem in an
easy and tractable way. This ensures that the learned representation possesses the targeted
properties inherited from the used computer vision descriptors. Furthermore, features
extracted by such descriptors might be considered as a form of invariant data represen-
tation, which is one of the desired properties of trained encoders. Thus, maximizing the
dependence between the trainable embedding and such representation might be a novel
form of regularization, leading to an increased-invariance yet collapse-avoiding technique.
Since a single computer vision descriptor might not capture all desirable properties and
have different representation formats, the targeted framework should be flexible enough to
deal uniformly with all these descriptors within a simple optimization problem. Distance
correlation is very useful for this kind of representation learning, since it allows one to
incorporate features of any shapes, without the need to match the shape of learnable
embeddings and hand-crafted target embeddings.

In summary, our motivation is to include regularization constraints on the solution by
borrowing some inherent computer vision feature invariance to certain transformations.
In this way, we target learning the low-dimensional embedding, which contains only
essential information about the data that might be of interest for the targeted downstream
task and where all information about the augmentations is excluded.
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i=1

<latexit sha1_base64="w5s8G/IeBa6eMQsgNxPLCRmXz+k=">AAACFnicbVDLSgMxFM3UV62vUZduBosgomVGiroRSt24rGAf0Kklk2ba0MyD5I5Qw3yFG3/FjQtF3Io7/8ZM24W2Hgice8695N7jxZxJsO1vI7ewuLS8kl8trK1vbG6Z2zsNGSWC0DqJeCRaHpaUs5DWgQGnrVhQHHicNr3hVeY376mQLApvYRTTToD7IfMZwaClrnnicuqDq5QbYBh4vnpI065ix056d+QK1h+Am9WXulbVtGsW7ZI9hjVPnCkpoilqXfPL7UUkCWgIhGMp244dQ0dhAYxwmhbcRNIYkyHu07amIQ6o7KjxWal1oJWe5UdCvxCssfp7QuFAylHg6c5seTnrZeJ/XjsB/6KjWBgnQEMy+chPuAWRlWVk9ZigBPhIE0wE07taZIAFJqCTLOgQnNmT50njtOSclco35WKlOo0jj/bQPjpEDjpHFXSNaqiOCHpEz+gVvRlPxovxbnxMWnPGdGYX/YHx+QOkRqBK</latexit>�
z⇤i,1

 B

i=1

Augmentations

Features

<latexit sha1_base64="+0Cm2sRppxIdfpFKzEJBrsSWZPA=">AAACDXicbVC7TsMwFHXKq5RXgJHFoiCVpUpQBYwVLAwMRaIPqakix3Vaq85DtoNUrPwAC7/CwgBCrOxs/A1OmgFajnSlo3Pu1b33eDGjQlrWt1FaWl5ZXSuvVzY2t7Z3zN29jogSjkkbRyziPQ8JwmhI2pJKRnoxJyjwGOl6k6vM794TLmgU3slpTAYBGoXUpxhJLbnmkRMgOcaIqZvUtWvKicfUVbnIA/WQpik8ga5ZtepWDrhI7IJUQYGWa345wwgnAQklZkiIvm3FcqAQlxQzklacRJAY4Qkakb6mIQqIGKj8mxQea2UI/YjrCiXM1d8TCgVCTANPd2ZninkvE//z+on0LwaKhnEiSYhni/yEQRnBLBo4pJxgyaaaIMypvhXiMeIISx1gRYdgz7+8SDqndfus3rhtVJuXRRxlcAAOQQ3Y4Bw0wTVogTbA4BE8g1fwZjwZL8a78TFrLRnFzD74A+PzB7svm/o=</latexit>L1(�z)
<latexit sha1_base64="/eCRHk7eGy5Y5NgcMa2Uj8GF8RY=">AAACDXicbVC7TsMwFHV4lvIKMLJYFKSyVElVAWMFCwNDkehDaqrIcZ3Wqp1EtoNUovwAC7/CwgBCrOxs/A1OmgFajnSlo3Pu1b33eBGjUlnWt7G0vLK6tl7aKG9ube/smnv7HRnGApM2Dlkoeh6ShNGAtBVVjPQiQRD3GOl6k6vM794TIWkY3KlpRAYcjQLqU4yUllzz2OFIjTFiyU3q1quJE42pm+Si4MlDmqbwFLpmxapZOeAisQtSAQVarvnlDEMccxIozJCUfduK1CBBQlHMSFp2YkkihCdoRPqaBogTOUjyb1J4opUh9EOhK1AwV39PJIhLOeWe7szOlPNeJv7n9WPlXwwSGkSxIgGeLfJjBlUIs2jgkAqCFZtqgrCg+laIx0ggrHSAZR2CPf/yIunUa/ZZrXHbqDQvizhK4BAcgSqwwTlogmvQAm2AwSN4Bq/gzXgyXox342PWumQUMwfgD4zPH7zKm/s=</latexit>L2(�z)

<latexit sha1_base64="IkWsPC0vFi0RgrmAJFoh79wVPgc=">AAACBHicbVDLSsNAFL3xWesr6rKbwSK4kJBIfSyLbrqsYB/QhjKZTtqhkwczE6GELNz4K25cKOLWj3Dn3zhNs9DWAxcO59zHzPFizqSy7W9jZXVtfWOztFXe3tnd2zcPDtsySgShLRLxSHQ9LClnIW0ppjjtxoLiwOO0401uZ37ngQrJovBeTWPqBngUMp8RrLQ0MCtpP1/SEyPPTW3r4qyorJENzKpt2TnQMnEKUoUCzYH51R9GJAloqAjHUvYcO1ZuioVihNOs3E8kjTGZ4BHtaRrigEo3ze9n6EQrQ+RHQleoUK7+nkhxIOU08HRngNVYLnoz8T+vlyj/2k1ZGCeKhmR+yE84UhGaJYKGTFCi+FQTTATTb0VkjAUmSudW1iE4i19eJu1zy7m0ane1av2miKMEFTiGU3DgCurQgCa0gMAjPMMrvBlPxovxbnzMW1eMYuYI/sD4/AEiNpZ5</latexit>

H

<latexit sha1_base64="Yd4wvkPcm6dwuN2EhnCRnSBEqZc=">AAACBHicbVDLSsNAFL3xWesr6rKbwSK4kJBIfSyL3bisYB/QhjKZTtqhkwczE6GELNz4K25cKOLWj3Dn3zhNs9DWAxcO59zHzPFizqSy7W9jZXVtfWOztFXe3tnd2zcPDtsySgShLRLxSHQ9LClnIW0ppjjtxoLiwOO0400aM7/zQIVkUXivpjF1AzwKmc8IVloamJW0ny/piZHnprZ1cVZU1sgGZtW27BxomTgFqUKB5sD86g8jkgQ0VIRjKXuOHSs3xUIxwmlW7ieSxphM8Ij2NA1xQKWb5vczdKKVIfIjoStUKFd/T6Q4kHIaeLozwGosF72Z+J/XS5R/7aYsjBNFQzI/5CccqQjNEkFDJihRfKoJJoLptyIyxgITpXMr6xCcxS8vk/a55VxatbtatX5TxFGCChzDKThwBXW4hSa0gMAjPMMrvBlPxovxbnzMW1eMYuYI/sD4/AEanZZ0</latexit>

C
<latexit sha1_base64="t9hC2/sVYLP+xdxOLC4kaCWNZFU=">AAACBHicbVDLSsNAFL2pr1pfUZfdBIvgQkIi9bEsunFZwT4gDWUynbRDJ5MwMxFK6MKNv+LGhSJu/Qh3/o3TNAttPXDhcM59zJwgYVQqx/k2Siura+sb5c3K1vbO7p65f9CWcSowaeGYxaIbIEkY5aSlqGKkmwiCooCRTjC+mfmdByIkjfm9miTEj9CQ05BipLTUN6tZL1/iiWHgZ459flrUtDPtmzXHdnJYy8QtSA0KNPvmV28Q4zQiXGGGpPRcJ1F+hoSimJFppZdKkiA8RkPiacpRRKSf5fen1rFWBlYYC11cWbn6eyJDkZSTKNCdEVIjuejNxP88L1XhlZ9RnqSKcDw/FKbMUrE1S8QaUEGwYhNNEBZUv9XCIyQQVjq3ig7BXfzyMmmf2e6FXb+r1xrXRRxlqMIRnIALl9CAW2hCCzA8wjO8wpvxZLwY78bHvLVkFDOH8AfG5w85AZaI</latexit>

W
<latexit sha1_base64="Yd4wvkPcm6dwuN2EhnCRnSBEqZc=">AAACBHicbVDLSsNAFL3xWesr6rKbwSK4kJBIfSyL3bisYB/QhjKZTtqhkwczE6GELNz4K25cKOLWj3Dn3zhNs9DWAxcO59zHzPFizqSy7W9jZXVtfWOztFXe3tnd2zcPDtsySgShLRLxSHQ9LClnIW0ppjjtxoLiwOO0400aM7/zQIVkUXivpjF1AzwKmc8IVloamJW0ny/piZHnprZ1cVZU1sgGZtW27BxomTgFqUKB5sD86g8jkgQ0VIRjKXuOHSs3xUIxwmlW7ieSxphM8Ij2NA1xQKWb5vczdKKVIfIjoStUKFd/T6Q4kHIaeLozwGosF72Z+J/XS5R/7aYsjBNFQzI/5CccqQjNEkFDJihRfKoJJoLptyIyxgITpXMr6xCcxS8vk/a55VxatbtatX5TxFGCChzDKThwBXW4hSa0gMAjPMMrvBlPxovxbnzMW1eMYuYI/sD4/AEanZZ0</latexit>

C

<latexit sha1_base64="IkWsPC0vFi0RgrmAJFoh79wVPgc=">AAACBHicbVDLSsNAFL3xWesr6rKbwSK4kJBIfSyLbrqsYB/QhjKZTtqhkwczE6GELNz4K25cKOLWj3Dn3zhNs9DWAxcO59zHzPFizqSy7W9jZXVtfWOztFXe3tnd2zcPDtsySgShLRLxSHQ9LClnIW0ppjjtxoLiwOO0401uZ37ngQrJovBeTWPqBngUMp8RrLQ0MCtpP1/SEyPPTW3r4qyorJENzKpt2TnQMnEKUoUCzYH51R9GJAloqAjHUvYcO1ZuioVihNOs3E8kjTGZ4BHtaRrigEo3ze9n6EQrQ+RHQleoUK7+nkhxIOU08HRngNVYLnoz8T+vlyj/2k1ZGCeKhmR+yE84UhGaJYKGTFCi+FQTTATTb0VkjAUmSudW1iE4i19eJu1zy7m0ane1av2miKMEFTiGU3DgCurQgCa0gMAjPMMrvBlPxovxbnzMW1eMYuYI/sD4/AEiNpZ5</latexit>

H

<latexit sha1_base64="t9hC2/sVYLP+xdxOLC4kaCWNZFU=">AAACBHicbVDLSsNAFL2pr1pfUZfdBIvgQkIi9bEsunFZwT4gDWUynbRDJ5MwMxFK6MKNv+LGhSJu/Qh3/o3TNAttPXDhcM59zJwgYVQqx/k2Siura+sb5c3K1vbO7p65f9CWcSowaeGYxaIbIEkY5aSlqGKkmwiCooCRTjC+mfmdByIkjfm9miTEj9CQ05BipLTUN6tZL1/iiWHgZ459flrUtDPtmzXHdnJYy8QtSA0KNPvmV28Q4zQiXGGGpPRcJ1F+hoSimJFppZdKkiA8RkPiacpRRKSf5fen1rFWBlYYC11cWbn6eyJDkZSTKNCdEVIjuejNxP88L1XhlZ9RnqSKcDw/FKbMUrE1S8QaUEGwYhNNEBZUv9XCIyQQVjq3ig7BXfzyMmmf2e6FXb+r1xrXRRxlqMIRnIALl9CAW2hCCzA8wjO8wpvxZLwY78bHvLVkFDOH8AfG5w85AZaI</latexit>

W

Originals

<latexit sha1_base64="0TFxqcgdS3nbSiCulNmN/rWA3ak=">AAACBHicbVDLSsNAFL3xWesr6rKbYBFcSEikPpZFXbisYB+QhjKZTtuhk0mYmQglZOHGX3HjQhG3foQ7/8ZpmoW2HrhwOOc+Zk4QMyqV43wbS8srq2vrpY3y5tb2zq65t9+SUSIwaeKIRaITIEkY5aSpqGKkEwuCwoCRdjC+nvrtByIkjfi9msTED9GQ0wHFSGmpZ1bSbr7EE8PATx377KSo7CbrmVXHdnJYi8QtSBUKNHrmV7cf4SQkXGGGpPRcJ1Z+ioSimJGs3E0kiREeoyHxNOUoJNJP8/uZdaSVvjWIhC6urFz9PZGiUMpJGOjOEKmRnPem4n+el6jBpZ9SHieKcDw7NEiYpSJrmojVp4JgxSaaICyofquFR0ggrHRuZR2CO//lRdI6td1zu3ZXq9avijhKUIFDOAYXLqAOt9CAJmB4hGd4hTfjyXgx3o2PWeuSUcwcwB8Ynz8cIpZ1</latexit>

D

<latexit sha1_base64="0TFxqcgdS3nbSiCulNmN/rWA3ak=">AAACBHicbVDLSsNAFL3xWesr6rKbYBFcSEikPpZFXbisYB+QhjKZTtuhk0mYmQglZOHGX3HjQhG3foQ7/8ZpmoW2HrhwOOc+Zk4QMyqV43wbS8srq2vrpY3y5tb2zq65t9+SUSIwaeKIRaITIEkY5aSpqGKkEwuCwoCRdjC+nvrtByIkjfi9msTED9GQ0wHFSGmpZ1bSbr7EE8PATx377KSo7CbrmVXHdnJYi8QtSBUKNHrmV7cf4SQkXGGGpPRcJ1Z+ioSimJGs3E0kiREeoyHxNOUoJNJP8/uZdaSVvjWIhC6urFz9PZGiUMpJGOjOEKmRnPem4n+el6jBpZ9SHieKcDw7NEiYpSJrmojVp4JgxSaaICyofquFR0ggrHRuZR2CO//lRdI6td1zu3ZXq9avijhKUIFDOAYXLqAOt9CAJmB4hGd4hTfjyXgx3o2PWeuSUcwcwB8Ynz8cIpZ1</latexit>

D

<latexit sha1_base64="NuTX3HD3Y0IjruhS8SsTNPfxapI=">AAACBnicbVDLSsNAFJ34rPUVdSnCYBFcSEikPpbFblxWsA9IQ5hMJ+3QySTMTIQSsnLjr7hxoYhbv8Gdf+M0zUJbD1w4nHPvnTsnSBiVyra/jaXlldW19cpGdXNre2fX3NvvyDgVmLRxzGLRC5AkjHLSVlQx0ksEQVHASDcYN6d+94EISWN+ryYJ8SI05DSkGCkt+eZR1i+WuGIYeJltXZyVlTd9J/fNmm3ZBeAicUpSAyVavvnVH8Q4jQhXmCEpXcdOlJchoShmJK/2U0kShMdoSFxNOYqI9LLighyeaGUAw1jo4goW6u+JDEVSTqJAd0ZIjeS8NxX/89xUhddeRnmSKsLx7KEwZVDFcJoJHFBBsGITTRAWVN8K8QgJhJVOrqpDcOa/vEg655ZzadXv6rXGTRlHBRyCY3AKHHAFGuAWtEAbYPAInsEreDOejBfj3fiYtS4Z5cwB+APj8wdQtZcY</latexit>

C1

<latexit sha1_base64="GLUxlK+MNmqwqD1hb9acN7hroWU=">AAACBnicbVDLSsNAFJ3UV62vqEsRBovgQkoi9bEsdiO4qWAfkIYwmU7aoZNJmJkIJWTlxl9x40IRt36DO//GaZqFth64cDjn3jt3jh8zKpVlfRulpeWV1bXyemVjc2t7x9zd68goEZi0ccQi0fORJIxy0lZUMdKLBUGhz0jXHzenfveBCEkjfq8mMXFDNOQ0oBgpLXnmYdrPlzhi6LupVTs/LSprereZZ1atmpUDLhK7IFVQoOWZX/1BhJOQcIUZktKxrVi5KRKKYkaySj+RJEZ4jIbE0ZSjkEg3zS/I4LFWBjCIhC6uYK7+nkhRKOUk9HVniNRIzntT8T/PSVRw5aaUx4kiHM8eChIGVQSnmcABFQQrNtEEYUH1rRCPkEBY6eQqOgR7/suLpHNWsy9q9bt6tXFdxFEGB+AInAAbXIIGuAEt0AYYPIJn8ArejCfjxXg3PmatJaOY2Qd/YHz+AHg3lzI=</latexit>

CK

<latexit sha1_base64="q8cmEBZec9xmPFKliuvSwHti7pw=">AAACBnicbVDLSsNAFJ34rPUVdSnCYBFcSEikPpZFN11WsA9IQ5hMJ+3QySTMTIQSsnLjr7hxoYhbv8Gdf+M0zUJbD1w4nHPvnTsnSBiVyra/jaXlldW19cpGdXNre2fX3NvvyDgVmLRxzGLRC5AkjHLSVlQx0ksEQVHASDcY30797gMRksb8Xk0S4kVoyGlIMVJa8s2jrF8sccUw8DLbujgrK2/6Tu6bNduyC8BF4pSkBkq0fPOrP4hxGhGuMENSuo6dKC9DQlHMSF7tp5IkCI/RkLiachQR6WXFBTk80coAhrHQxRUs1N8TGYqknESB7oyQGsl5byr+57mpCq+9jPIkVYTj2UNhyqCK4TQTOKCCYMUmmiAsqL4V4hESCCudXFWH4Mx/eZF0zi3n0qrf1WuNmzKOCjgEx+AUOOAKNEATtEAbYPAInsEreDOejBfj3fiYtS4Z5cwB+APj8wdYWJcd</latexit>

H1

<latexit sha1_base64="73XCUMeRDdR+QzBSopAnZk26zFU=">AAACBnicbVDLSsNAFJ3UV62vqEsRBovgQkoi9bEsuim4qWAfkIYwmU7aoZNJmJkIJWTlxl9x40IRt36DO//GaZqFth64cDjn3jt3jh8zKpVlfRulpeWV1bXyemVjc2t7x9zd68goEZi0ccQi0fORJIxy0lZUMdKLBUGhz0jXH99M/e4DEZJG/F5NYuKGaMhpQDFSWvLMw7SfL3HE0HdTq3Z+WlTW9G4zz6xaNSsHXCR2QaqgQMszv/qDCCch4QozJKVjW7FyUyQUxYxklX4iSYzwGA2JoylHIZFuml+QwWOtDGAQCV1cwVz9PZGiUMpJ6OvOEKmRnPem4n+ek6jgyk0pjxNFOJ49FCQMqghOM4EDKghWbKIJwoLqWyEeIYGw0slVdAj2/JcXSeesZl/U6nf1auO6iKMMDsAROAE2uAQN0AQt0AYYPIJn8ArejCfjxXg3PmatJaOY2Qd/YHz+AH/alzc=</latexit>

HK

<latexit sha1_base64="Rl+WzVy2pc3qR5YTFAQNP2adJzc=">AAACBnicbVDLSsNAFJ34rPUVdSnCYBFcSEikPpZFN4KbCvYBaQiT6aQdOpmEmYlQQlZu/BU3LhRx6ze482+cpllo64ELh3PuvXPnBAmjUtn2t7GwuLS8slpZq65vbG5tmzu7bRmnApMWjlksugGShFFOWooqRrqJICgKGOkEo+uJ33kgQtKY36txQrwIDTgNKUZKS755kPWKJa4YBF5mW2cnZeUd/zb3zZpt2QXgPHFKUgMlmr751evHOI0IV5ghKV3HTpSXIaEoZiSv9lJJEoRHaEBcTTmKiPSy4oIcHmmlD8NY6OIKFurviQxFUo6jQHdGSA3lrDcR//PcVIWXXkZ5kirC8fShMGVQxXCSCexTQbBiY00QFlTfCvEQCYSVTq6qQ3BmvzxP2qeWc27V7+q1xlUZRwXsg0NwDBxwARrgBjRBC2DwCJ7BK3gznowX4934mLYuGOXMHvgD4/MHlsOXRg==</latexit>

WK

<latexit sha1_base64="tTtUO5KEoEFy9/cKc5IX5MxL5bo=">AAACBnicbVDLSsNAFJ3UV62vqEsRBovgQkIi9bEsunFZwT4gDWEynbRDJ5MwMxFKyMqNv+LGhSJu/QZ3/o3TNAttPXDhcM69d+6cIGFUKtv+NipLyyura9X12sbm1vaOubvXkXEqMGnjmMWiFyBJGOWkrahipJcIgqKAkW4wvpn63QciJI35vZokxIvQkNOQYqS05JuHWb9Y4oph4GW2dX5aVt71ndw367ZlF4CLxClJHZRo+eZXfxDjNCJcYYakdB07UV6GhKKYkbzWTyVJEB6jIXE15Sgi0suKC3J4rJUBDGOhiytYqL8nMhRJOYkC3RkhNZLz3lT8z3NTFV55GeVJqgjHs4fClEEVw2kmcEAFwYpNNEFYUH0rxCMkEFY6uZoOwZn/8iLpnFnOhdW4a9Sb12UcVXAAjsAJcMAlaIJb0AJtgMEjeAav4M14Ml6Md+Nj1loxypl98AfG5w9vQZcs</latexit>

W1

<latexit sha1_base64="ChqtCW+2CO1JoCDPCpHxrBOOyHk=">AAACFnicbVDLSsNAFJ34rPUVdelmsAh1YUm0qMuiGxcuKtgHNCVMppN26OTBzI1QQ77Cjb/ixoUibsWdf+O0zUJbD1w4nHMv997jxYIrsKxvY2FxaXlltbBWXN/Y3No2d3abKkokZQ0aiUi2PaKY4CFrAAfB2rFkJPAEa3nDq7HfumdS8Si8g1HMugHph9znlICWXPPYCQgMKBHpTeamp5kjmA9lJx5wN51YMkgfssyRvD+AI9csWRVrAjxP7JyUUI66a345vYgmAQuBCqJUx7Zi6KZEAqeCZUUnUSwmdEj6rKNpSAKmuunkrQwfaqWH/UjqCgFP1N8TKQmUGgWe7hxfqma9sfif10nAv+imPIwTYCGdLvITgSHC44xwj0tGQYw0IVRyfSumAyIJBZ1kUYdgz748T5onFfusUr2tlmqXeRwFtI8OUBnZ6BzV0DWqowai6BE9o1f0ZjwZL8a78TFtXTDymT30B8bnDxXUoJc=</latexit>L3 (�z)

<latexit sha1_base64="WyoxB7UntoGkEtfCC3Pb67vajf8="></latexit>

q�z⇤
K

(z⇤K |x)
<latexit sha1_base64="rJulTFLxJGZIF9SGFgyhvvM3lNg=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEESkzUtRl0Y3gpoJ9QDuWTJppQzOZIckINQz4K25cKOLW73Dn35hpZ6GtBwKHc+7lnhw/ZlQqx/m2CguLS8srxdXS2vrG5pa9vdOUUSIwaeCIRaLtI0kY5aShqGKkHQuCQp+Rlj+6yvzWAxGSRvxOjWPihWjAaUAxUkbq2XvdEKmhH+jHtKfpCbxJ7/Vx2rPLTsWZAM4TNydlkKPes7+6/QgnIeEKMyRlx3Vi5WkkFMWMpKVuIkmM8AgNSMdQjkIiPT2Jn8JDo/RhEAnzuIIT9feGRqGU49A3k1lYOetl4n9eJ1HBhacpjxNFOJ4eChIGVQSzLmCfCoIVGxuCsKAmK8RDJBBWprGSKcGd/fI8aZ5W3LNK9bZarl3mdRTBPjgAR8AF56AGrkEdNAAGGjyDV/BmPVkv1rv1MR0tWPnOLvgD6/MHJq2VnQ==</latexit>

z⇤i,K

<latexit sha1_base64="8rpW3w+952isT7gO6qpIwxBWbY8=">AAACF3icbZDLSsNAFIYn9VbrLerSzWARRKQkUtSNUOpGcFPBXqCpZTKdtEMnF2ZOhBryFm58FTcuFHGrO9/GSduFtv4w8POdc5hzfjcSXIFlfRu5hcWl5ZX8amFtfWNzy9zeaagwlpTVaShC2XKJYoIHrA4cBGtFkhHfFazpDi+zevOeScXD4BZGEev4pB9wj1MCGnXNkiOYB07i+AQGrpc8pN2EH+Pr9C45Sh3J+wNwMnRha1JNu2bRKllj4XljT00RTVXrml9OL6SxzwKggijVtq0IOgmRwKlgacGJFYsIHZI+a2sbEJ+pTjK+K8UHmvSwF0r9AsBj+nsiIb5SI9/Vndn6araWwf9q7Ri8807CgygGFtDJR14sMIQ4Cwn3uGQUxEgbQiXXu2I6IJJQ0FEWdAj27MnzpnFSsk9L5ZtysVKdxpFHe2gfHSIbnaEKukI1VEcUPaJn9IrejCfjxXg3PiatOWM6s4v+yPj8ASzIoI4=</latexit>�
z⇤i,K

 B

i=1

<latexit sha1_base64="SO3QB2YSD6mcOIrc5v10ZS07x8I=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUmkqMuiG5cV7APaECaTSTt0MgkzN2KJWfgrblwo4tbfcOffOGmz0NYDA4dz7uWeOX7CmQLb/jaWlldW19YrG9XNre2dXXNvv6PiVBLaJjGPZc/HinImaBsYcNpLJMWRz2nXH18XfveeSsVicQeThLoRHgoWMoJBS555OADGA5oNIgwjP8we8tzLWO6ZNbtuT2EtEqckNVSi5ZlfgyAmaUQFEI6V6jt2Am6GJTDCaV4dpIommIzxkPY1FTiiys2m+XPrRCuBFcZSPwHWVP29keFIqUnk68kippr3CvE/r59CeOlmTCQpUEFmh8KUWxBbRRlWwCQlwCeaYCKZzmqREZaYgK6sqktw5r+8SDpndee83rht1JpXZR0VdISO0Sly0AVqohvUQm1E0CN6Rq/ozXgyXox342M2umSUOwfoD4zPH1DMlvQ=</latexit>

x̃i
<latexit sha1_base64="iaTt8wgWMqvD4FiF2ac8+p7LkYA=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUmkqMuiG5cV7APaECaTSTt0MgkzN0KNWfgrblwo4tbfcOffOGmz0NYDA4dz7uWeOX7CmQLb/jaWlldW19YrG9XNre2dXXNvv6PiVBLaJjGPZc/HinImaBsYcNpLJMWRz2nXH18XfveeSsVicQeThLoRHgoWMoJBS555OADGA5oNIgwjP8we8tzLWO6ZNbtuT2EtEqckNVSi5ZlfgyAmaUQFEI6V6jt2Am6GJTDCaV4dpIommIzxkPY1FTiiys2m+XPrRCuBFcZSPwHWVP29keFIqUnk68kippr3CvE/r59CeOlmTCQpUEFmh8KUWxBbRRlWwCQlwCeaYCKZzmqREZaYgK6sqktw5r+8SDpndee83rht1JpXZR0VdISO0Sly0AVqohvUQm1E0CN6Rq/ozXgyXox342M2umSUOwfoD4zPH1PglvY=</latexit>

z̃i<latexit sha1_base64="rV2qCO3bo0d08x6LXa+WXTZiwcg=">AAAB/3icbVDLSsNAFJ3UV62vqODGzWARXJVEirosunFZwT6gCWEymbRDJ5MwMxFCzMJfceNCEbf+hjv/xkmbhbYeGDiccy/3zPETRqWyrG+jtrK6tr5R32xsbe/s7pn7B30ZpwKTHo5ZLIY+koRRTnqKKkaGiSAo8hkZ+NOb0h88ECFpzO9VlhA3QmNOQ4qR0pJnHjmKsoDkToTUxA/zrCi8nBae2bRa1gxwmdgVaYIKXc/8coIYpxHhCjMk5ci2EuXmSCiKGSkaTipJgvAUjclIU44iIt18lr+Ap1oJYBgL/biCM/X3Ro4iKbPI15NlTLnoleJ/3ihV4ZWbU56kinA8PxSmDKoYlmXAgAqCFcs0QVhQnRXiCRIIK11ZQ5dgL355mfTPW/ZFq33Xbnauqzrq4BicgDNgg0vQAbegC3oAg0fwDF7Bm/FkvBjvxsd8tGZUO4fgD4zPH1JWlvU=</latexit>
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Figure 1. MV–MR: proposed SSL approach. Two views of the image are produced: one original and
the other augmented by qϕt(x̃|x). Then, this first view is encoded via encoder qϕz(z|x), producing zi,
which denotes an original embedding, and via qϕz(z̃|x̃), producing z̃i, denoting an augmented one.
The representations z∗i,k are obtained via K hand-crafted feature extraction mappers qϕz∗k

(
z∗k |x

)
, 1 ≤ k ≤ K.

The same process is applied to each image xi in the batch 1 ≤ i ≤ B. The embedding is regularized by
a loss L1(ϕz), minimizing the Euclidean distances between the embeddings zi and z̃i while ensuring
that their variance is above a threshold. The loss L2(ϕz) ensures the dependence between the pair of
augmented and non-augmented embeddings using the distance correlation. The regularization loss
L3(ϕz) is imposed by maximizing the distance correlation between the augmented embedding z̃i and a
set of hand-crafted features z∗i,k, 1 ≤ k ≤ K computed for the given batch B.
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<latexit sha1_base64="SAoLP//HWasxNK/PEUv4cfRkmcA=">AAAB83icbVDLSgMxFL2pr1pfVZdugkVwVWakqMuiG5cV7AM6Q8mkmTY0kxmSjFiG/oYbF4q49Wfc+Tdm2llo64HA4Zx7uScnSATXxnG+UWltfWNzq7xd2dnd2z+oHh51dJwqyto0FrHqBUQzwSVrG24E6yWKkSgQrBtMbnO/+8iU5rF8MNOE+REZSR5ySoyVPC8iZhyE2dNswAfVmlN35sCrxC1IDQq0BtUvbxjTNGLSUEG07rtOYvyMKMOpYLOKl2qWEDohI9a3VJKIaT+bZ57hM6sMcRgr+6TBc/X3RkYiradRYCfzjHrZy8X/vH5qwms/4zJJDZN0cShMBTYxzgvAQ64YNWJqCaGK26yYjoki1NiaKrYEd/nLq6RzUXcv6437Rq15U9RRhhM4hXNw4QqacActaAOFBJ7hFd5Qil7QO/pYjJZQsXMMf4A+fwCCLpIB</latexit>xi

<latexit sha1_base64="zluAfhb7MTBF2SMqknVlAvcCChM=">AAACLXicbVDJSgNBEO2Je9yiHr00BkEvYUaCehT14DGCSYRMGHo6NUmTnsXuGjGM80Ne/BURPETEq79hZwHXB9083quiqp6fSKHRtodWYWZ2bn5hcam4vLK6tl7a2GzoOFUc6jyWsbr2mQYpIqijQAnXiQIW+hKafv9s5DdvQWkRR1c4SKAdsm4kAsEZGskrnd94mZv0hPlDhj0VZpjnuSshwD0XhezAxPCD7C7PvSyn9/RLcJXo9nDfK5Xtij0G/UucKSmTKWpe6dntxDwNIUIumdYtx06wnTGFgkvIi26qIWG8z7rQMjRiIeh2Nr42p7tG6dAgVuZFSMfq946MhVoPQt9UjhbVv72R+J/XSjE4bmciSlKEiE8GBamkGNNRdLQjFHCUA0MYV8LsSnmPKcbRBFw0ITi/T/5LGgcV57BSvayWT06ncSySbbJD9ohDjsgJuSA1UiecPJAnMiSv1qP1Yr1Z75PSgjXt2SI/YH18AkvLqzA=</latexit>

q�t
(x̃|x)

<latexit sha1_base64="iWDBfCh3JmHclI8p8o7E+kuGJ68=">AAACAXicbVDLSsNAFJ3UV62vqBvBzWARXJVEiroRSt24rGAf0MQwmU7aoZNJmJmIJcSNv+LGhSJu/Qt3/o2TNgttPXDhcM693HuPHzMqlWV9G6Wl5ZXVtfJ6ZWNza3vH3N3ryCgRmLRxxCLR85EkjHLSVlQx0osFQaHPSNcfX+V+954ISSN+qyYxcUM05DSgGCkteeaBkzohUiM/SB8yjzqZl9JLO7trembVqllTwEViF6QKCrQ888sZRDgJCVeYISn7thUrN0VCUcxIVnESSWKEx2hI+ppyFBLpptMPMnislQEMIqGLKzhVf0+kKJRyEvq6M79Wznu5+J/XT1Rw4aaUx4kiHM8WBQmDKoJ5HHBABcGKTTRBWFB9K8QjJBBWOrSKDsGef3mRdE5r9lmtflOvNppFHGVwCI7ACbDBOWiAa9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffAHxucP3VKXKA==</latexit>

{xi}B
i=1

<latexit sha1_base64="i+YxHTZeCblpu6Bsiqw7wzW6/LQ="></latexit>

q�z
(z̃|x̃)

<latexit sha1_base64="xJxQDrMXLpoA5nBoFVa4uEjcOSc=">AAACGHicbZBNS8NAEIY3ftb6FfXoJVgETzURUS+C1IvHCtYKTSyb7aRd3HywOxHqkp/hxb/ixYMiXnvz37ipPWj1hYWHd2bYmTfMBFfoup/WzOzc/MJiZam6vLK6tm5vbF6rNJcMWiwVqbwJqQLBE2ghRwE3mQQahwLa4d15WW/fg1Q8Ta5wmEEQ037CI84oGqtr7/sCIvS1j1z0QPsxxUEY6Yei6Gpe+JL3B+iXfOoVt7pRdO2aW3fHcv6CN4EamajZtUd+L2V5DAkyQZXqeG6GgaYSORNQVP1cQUbZHe1Dx2BCY1CBHh9WOLvG6TlRKs1L0Bm7Pyc0jZUaxqHpLBdX07XS/K/WyTE6CTRPshwhYd8fRblwMHXKlJwel8BQDA1QJrnZ1WEDKilDk2XVhOBNn/wXrg/q3lH98PKwdtaYxFEh22SH7BGPHJMzckGapEUYeSTP5JW8WU/Wi/VufXy3zliTmS3yS9boC3SZoec=</latexit>

{z̃i}B
i=1

<latexit sha1_base64="iaTt8wgWMqvD4FiF2ac8+p7LkYA=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUmkqMuiG5cV7APaECaTSTt0MgkzN0KNWfgrblwo4tbfcOffOGmz0NYDA4dz7uWeOX7CmQLb/jaWlldW19YrG9XNre2dXXNvv6PiVBLaJjGPZc/HinImaBsYcNpLJMWRz2nXH18XfveeSsVicQeThLoRHgoWMoJBS555OADGA5oNIgwjP8we8tzLWO6ZNbtuT2EtEqckNVSi5ZlfgyAmaUQFEI6V6jt2Am6GJTDCaV4dpIommIzxkPY1FTiiys2m+XPrRCuBFcZSPwHWVP29keFIqUnk68kippr3CvE/r59CeOlmTCQpUEFmh8KUWxBbRRlWwCQlwCeaYCKZzmqREZaYgK6sqktw5r+8SDpndee83rht1JpXZR0VdISO0Sly0AVqohvUQm1E0CN6Rq/ozXgyXox342M2umSUOwfoD4zPH1PglvY=</latexit>

z̃i
<latexit sha1_base64="SO3QB2YSD6mcOIrc5v10ZS07x8I=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRbBVUmkqMuiG5cV7APaECaTSTt0MgkzN2KJWfgrblwo4tbfcOffOGmz0NYDA4dz7uWeOX7CmQLb/jaWlldW19YrG9XNre2dXXNvv6PiVBLaJjGPZc/HinImaBsYcNpLJMWRz2nXH18XfveeSsVicQeThLoRHgoWMoJBS555OADGA5oNIgwjP8we8tzLWO6ZNbtuT2EtEqckNVSi5ZlfgyAmaUQFEI6V6jt2Am6GJTDCaV4dpIommIzxkPY1FTiiys2m+XPrRCuBFcZSPwHWVP29keFIqUnk68kippr3CvE/r59CeOlmTCQpUEFmh8KUWxBbRRlWwCQlwCeaYCKZzmqREZaYgK6sqktw5r+8SDpndee83rht1JpXZR0VdISO0Sly0AVqohvUQm1E0CN6Rq/ozXgyXox342M2umSUOwfoD4zPH1DMlvQ=</latexit>

x̃i

<latexit sha1_base64="FdRro8ECWwc/CEGr8TaJjH7tWAI=">AAAB+XicbVDLSsNAFL2pr1pfUZdugkVwVRIRdVl047KCfUAbwmQ6aYdOJmFmUqhD/sSNC0Xc+ifu/BsnbRbaemDgcM693DMnTBmVynW/rcra+sbmVnW7trO7t39gHx51ZJIJTNo4YYnohUgSRjlpK6oY6aWCoDhkpBtO7gq/OyVC0oQ/qllK/BiNOI0oRspIgW3rQYzUOIz0U54HmuaBXXcb7hzOKvFKUocSrcD+GgwTnMWEK8yQlH3PTZWvkVAUM5LXBpkkKcITNCJ9QzmKifT1PHnunBll6ESJMI8rZ67+3tAolnIWh2ayiCmXvUL8z+tnKrrxNeVppgjHi0NRxhyVOEUNzpAKghWbGYKwoCarg8dIIKxMWTVTgrf85VXSuWh4V43Lh8t687asowoncArn4ME1NOEeWtAGDFN4hld4s7T1Yr1bH4vRilXuHMMfWJ8/mQaUTA==</latexit>zi

<latexit sha1_base64="9TUNSms1dITcPPT1KBjdELNAR0k=">AAACG3icbVBNS8NAEN3Ur1q/oh69LBahXkpSinosevFYwX5AG8pmu2mXbjZxdyPWmP/hxb/ixYMingQP/hs3bZDa+mCXN29mmJnnhoxKZVnfRm5peWV1Lb9e2Njc2t4xd/eaMogEJg0csEC0XSQJo5w0FFWMtENBkO8y0nJHF2m+dUuEpAG/VuOQOD4acOpRjJSWemblphd3wyHVv4/U0PXi+yRJSrMRfIC/4V2SHPfMolW2JoCLxM5IEWSo98zPbj/AkU+4wgxJ2bGtUDkxEopiRpJCN5IkRHiEBqSjKUc+kU48uS2BR1rpQy8Q+nEFJ+psR4x8Kce+qyvTHeV8LhX/y3Ui5Z05MeVhpAjH00FexKAKYGoU7FNBsGJjTRAWVO8K8RAJhJW2s6BNsOdPXiTNStk+KVevqsXaeWZHHhyAQ1ACNjgFNXAJ6qABMHgEz+AVvBlPxovxbnxMS3NG1rMP/sD4+gHJZaMf</latexit>

q�z(z|x)
<latexit sha1_base64="AHiJgHLPUURBGCdgGfzXk7TWZz0=">AAACEnicbZC7SgNBFIZn4y3GW9TSZjEI2oRdCWojhNhYRjAXyMZldjKbDJm9MHNWiMM+g42vYmOhiK2VnW/jbLKFJv4w8PGfc5hzfi/mTIJlfRuFpeWV1bXiemljc2t7p7y715ZRIghtkYhHouthSTkLaQsYcNqNBcWBx2nHG19l9c49FZJF4S1MYtoP8DBkPiMYtOWWTxxOfXCUcgIMI89XD2nqKpY6gg1H4GR8aad3qpG65YpVtaYyF8HOoYJyNd3ylzOISBLQEAjHUvZsK4a+wgIY4TQtOYmkMSZjPKQ9jSEOqOyr6UmpeaSdgelHQr8QzKn7e0LhQMpJ4OnObHE5X8vM/2q9BPyLvmJhnAANyewjP+EmRGaWjzlgghLgEw2YCKZ3NckIC0xAp1jSIdjzJy9C+7Rqn1VrN7VKvZHHUUQH6BAdIxudozq6Rk3UQgQ9omf0it6MJ+PFeDc+Zq0FI5/ZR39kfP4Ae6OfPQ==</latexit>

{zi}B
i=1

Augmentations

Pretrained model

<latexit sha1_base64="IkWsPC0vFi0RgrmAJFoh79wVPgc=">AAACBHicbVDLSsNAFL3xWesr6rKbwSK4kJBIfSyLbrqsYB/QhjKZTtqhkwczE6GELNz4K25cKOLWj3Dn3zhNs9DWAxcO59zHzPFizqSy7W9jZXVtfWOztFXe3tnd2zcPDtsySgShLRLxSHQ9LClnIW0ppjjtxoLiwOO0401uZ37ngQrJovBeTWPqBngUMp8RrLQ0MCtpP1/SEyPPTW3r4qyorJENzKpt2TnQMnEKUoUCzYH51R9GJAloqAjHUvYcO1ZuioVihNOs3E8kjTGZ4BHtaRrigEo3ze9n6EQrQ+RHQleoUK7+nkhxIOU08HRngNVYLnoz8T+vlyj/2k1ZGCeKhmR+yE84UhGaJYKGTFCi+FQTTATTb0VkjAUmSudW1iE4i19eJu1zy7m0ane1av2miKMEFTiGU3DgCurQgCa0gMAjPMMrvBlPxovxbnzMW1eMYuYI/sD4/AEiNpZ5</latexit>

H

<latexit sha1_base64="Yd4wvkPcm6dwuN2EhnCRnSBEqZc=">AAACBHicbVDLSsNAFL3xWesr6rKbwSK4kJBIfSyL3bisYB/QhjKZTtqhkwczE6GELNz4K25cKOLWj3Dn3zhNs9DWAxcO59zHzPFizqSy7W9jZXVtfWOztFXe3tnd2zcPDtsySgShLRLxSHQ9LClnIW0ppjjtxoLiwOO0400aM7/zQIVkUXivpjF1AzwKmc8IVloamJW0ny/piZHnprZ1cVZU1sgGZtW27BxomTgFqUKB5sD86g8jkgQ0VIRjKXuOHSs3xUIxwmlW7ieSxphM8Ij2NA1xQKWb5vczdKKVIfIjoStUKFd/T6Q4kHIaeLozwGosF72Z+J/XS5R/7aYsjBNFQzI/5CccqQjNEkFDJihRfKoJJoLptyIyxgITpXMr6xCcxS8vk/a55VxatbtatX5TxFGCChzDKThwBXW4hSa0gMAjPMMrvBlPxovxbnzMW1eMYuYI/sD4/AEanZZ0</latexit>

C
<latexit sha1_base64="t9hC2/sVYLP+xdxOLC4kaCWNZFU=">AAACBHicbVDLSsNAFL2pr1pfUZfdBIvgQkIi9bEsunFZwT4gDWUynbRDJ5MwMxFK6MKNv+LGhSJu/Qh3/o3TNAttPXDhcM59zJwgYVQqx/k2Siura+sb5c3K1vbO7p65f9CWcSowaeGYxaIbIEkY5aSlqGKkmwiCooCRTjC+mfmdByIkjfm9miTEj9CQ05BipLTUN6tZL1/iiWHgZ459flrUtDPtmzXHdnJYy8QtSA0KNPvmV28Q4zQiXGGGpPRcJ1F+hoSimJFppZdKkiA8RkPiacpRRKSf5fen1rFWBlYYC11cWbn6eyJDkZSTKNCdEVIjuejNxP88L1XhlZ9RnqSKcDw/FKbMUrE1S8QaUEGwYhNNEBZUv9XCIyQQVjq3ig7BXfzyMmmf2e6FXb+r1xrXRRxlqMIRnIALl9CAW2hCCzA8wjO8wpvxZLwY78bHvLVkFDOH8AfG5w85AZaI</latexit>

W
<latexit sha1_base64="Yd4wvkPcm6dwuN2EhnCRnSBEqZc=">AAACBHicbVDLSsNAFL3xWesr6rKbwSK4kJBIfSyL3bisYB/QhjKZTtqhkwczE6GELNz4K25cKOLWj3Dn3zhNs9DWAxcO59zHzPFizqSy7W9jZXVtfWOztFXe3tnd2zcPDtsySgShLRLxSHQ9LClnIW0ppjjtxoLiwOO0400aM7/zQIVkUXivpjF1AzwKmc8IVloamJW0ny/piZHnprZ1cVZU1sgGZtW27BxomTgFqUKB5sD86g8jkgQ0VIRjKXuOHSs3xUIxwmlW7ieSxphM8Ij2NA1xQKWb5vczdKKVIfIjoStUKFd/T6Q4kHIaeLozwGosF72Z+J/XS5R/7aYsjBNFQzI/5CccqQjNEkFDJihRfKoJJoLptyIyxgITpXMr6xCcxS8vk/a55VxatbtatX5TxFGCChzDKThwBXW4hSa0gMAjPMMrvBlPxovxbnzMW1eMYuYI/sD4/AEanZZ0</latexit>

C

<latexit sha1_base64="IkWsPC0vFi0RgrmAJFoh79wVPgc=">AAACBHicbVDLSsNAFL3xWesr6rKbwSK4kJBIfSyLbrqsYB/QhjKZTtqhkwczE6GELNz4K25cKOLWj3Dn3zhNs9DWAxcO59zHzPFizqSy7W9jZXVtfWOztFXe3tnd2zcPDtsySgShLRLxSHQ9LClnIW0ppjjtxoLiwOO0401uZ37ngQrJovBeTWPqBngUMp8RrLQ0MCtpP1/SEyPPTW3r4qyorJENzKpt2TnQMnEKUoUCzYH51R9GJAloqAjHUvYcO1ZuioVihNOs3E8kjTGZ4BHtaRrigEo3ze9n6EQrQ+RHQleoUK7+nkhxIOU08HRngNVYLnoz8T+vlyj/2k1ZGCeKhmR+yE84UhGaJYKGTFCi+FQTTATTb0VkjAUmSudW1iE4i19eJu1zy7m0ane1av2miKMEFTiGU3DgCurQgCa0gMAjPMMrvBlPxovxbnzMW1eMYuYI/sD4/AEiNpZ5</latexit>

H

<latexit sha1_base64="t9hC2/sVYLP+xdxOLC4kaCWNZFU=">AAACBHicbVDLSsNAFL2pr1pfUZfdBIvgQkIi9bEsunFZwT4gDWUynbRDJ5MwMxFK6MKNv+LGhSJu/Qh3/o3TNAttPXDhcM59zJwgYVQqx/k2Siura+sb5c3K1vbO7p65f9CWcSowaeGYxaIbIEkY5aSlqGKkmwiCooCRTjC+mfmdByIkjfm9miTEj9CQ05BipLTUN6tZL1/iiWHgZ459flrUtDPtmzXHdnJYy8QtSA0KNPvmV28Q4zQiXGGGpPRcJ1F+hoSimJFppZdKkiA8RkPiacpRRKSf5fen1rFWBlYYC11cWbn6eyJDkZSTKNCdEVIjuejNxP88L1XhlZ9RnqSKcDw/FKbMUrE1S8QaUEGwYhNNEBZUv9XCIyQQVjq3ig7BXfzyMmmf2e6FXb+r1xrXRRxlqMIRnIALl9CAW2hCCzA8wjO8wpvxZLwY78bHvLVkFDOH8AfG5w85AZaI</latexit>

W

Originals

<latexit sha1_base64="0TFxqcgdS3nbSiCulNmN/rWA3ak=">AAACBHicbVDLSsNAFL3xWesr6rKbYBFcSEikPpZFXbisYB+QhjKZTtuhk0mYmQglZOHGX3HjQhG3foQ7/8ZpmoW2HrhwOOc+Zk4QMyqV43wbS8srq2vrpY3y5tb2zq65t9+SUSIwaeKIRaITIEkY5aSpqGKkEwuCwoCRdjC+nvrtByIkjfi9msTED9GQ0wHFSGmpZ1bSbr7EE8PATx377KSo7CbrmVXHdnJYi8QtSBUKNHrmV7cf4SQkXGGGpPRcJ1Z+ioSimJGs3E0kiREeoyHxNOUoJNJP8/uZdaSVvjWIhC6urFz9PZGiUMpJGOjOEKmRnPem4n+el6jBpZ9SHieKcDw7NEiYpSJrmojVp4JgxSaaICyofquFR0ggrHRuZR2CO//lRdI6td1zu3ZXq9avijhKUIFDOAYXLqAOt9CAJmB4hGd4hTfjyXgx3o2PWeuSUcwcwB8Ynz8cIpZ1</latexit>

D

<latexit sha1_base64="0TFxqcgdS3nbSiCulNmN/rWA3ak=">AAACBHicbVDLSsNAFL3xWesr6rKbYBFcSEikPpZFXbisYB+QhjKZTtuhk0mYmQglZOHGX3HjQhG3foQ7/8ZpmoW2HrhwOOc+Zk4QMyqV43wbS8srq2vrpY3y5tb2zq65t9+SUSIwaeKIRaITIEkY5aSpqGKkEwuCwoCRdjC+nvrtByIkjfi9msTED9GQ0wHFSGmpZ1bSbr7EE8PATx377KSo7CbrmVXHdnJYi8QtSBUKNHrmV7cf4SQkXGGGpPRcJ1Z+ioSimJGs3E0kiREeoyHxNOUoJNJP8/uZdaSVvjWIhC6urFz9PZGiUMpJGOjOEKmRnPem4n+el6jBpZ9SHieKcDw7NEiYpSJrmojVp4JgxSaaICyofquFR0ggrHRuZR2CO//lRdI6td1zu3ZXq9avijhKUIFDOAYXLqAOt9CAJmB4hGd4hTfjyXgx3o2PWeuSUcwcwB8Ynz8cIpZ1</latexit>
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Figure 2. MV–MR: distillation approach. qϕz∗ (z
∗|x) is the high-complexity (in term of parameters)

teacher model used as a feature extractor in order to train a low-complexity student model qϕz(z|x).
The teacher model corresponds to a set of hand-crafted feature extractors in Figure 1. The representations
z∗i are obtained from the pretrained teacher model qϕz∗ (z

∗|x). The same losses as in self-supervised
pretraining are used: L1(ϕz) minimizes the Euclidean distances between the embeddings zi and z̃i while
ensuring that their variance is above a threshold, L2(ϕz) ensures the dependence between the pair of
augmented and non-augmented embeddings using the distance correlation, and L3(ϕz) maximizes the
distance correlation between the augmented embedding z̃i and the teacher’s embeddings z∗i .

2.2. Intuition

The basic idea behind MV–MR is to introduce constraints on the invariance of embed-
ding via a new loss function. Our overall objective is to maximize the mutual information
I(Z̃; Z) between the augmented embedding Z̃ and the embedding without the augmenta-
tion Z and to maximize the mutual information I(Z̃; Z∗

k ) between Z̃ and some invariant
feature Z∗

k extracted from X using a mapper that ensures a known invariance to the de-
sired transformation.

2.2.1. Measuring Dependencies between Embeddings of Non-Augmented and
Augmented Data

Upper bound on mutual information: In the first case, one can decompose the mutual
information as

I(Z̃; Z) = Ep(z̃,z)

[
log

p(z̃, z)
p(z̃)p(z)

]
= Ep(z̃,z)

[
log

p(z̃|z)
p(z̃)

]

= h(Z̃)− h(Z̃|Z),
(1)

where h(Z̃) = −Ep(z̃)[log p(z̃)] denotes the differential entropy and h(Z̃|Z) = −Ep(z̃,z)
[log p(z̃|z)] denotes conditional differential entropy (we assume that the differential entropy
is non-negative under the considered settings). Since the computation of the marginal
distribution p(z̃) and conditional distribution p(z̃|z) is difficult in practice, we proceed by
bounding these terms. We assume that the desired embeddings need to be bounded by
some variance σ2

z to avoid a training collapse when the encoders produce constant and non-
informative vectors so that the entropy-maximizing distribution for the first entropy term

is the Gaussian one, i.e., p(z̃) ∝
exp(− 1

2 z̃TΣ−1
z z̃)√

(2π)D |Σz |
, where Σz represents the covariance matrix.

The conditional entropy h(Z̃|Z) is minimized when the embedding Z̃ contains as
much information as possible about Z, i.e., when two vectors are dependent. Assuming
that p(z̃|z) ∝ 1

Cz
exp(−βzd(z̃, z)), where d(z̃, z) denotes some distance between two vec-

tors such as the ℓ2-norm for the Gaussian distribution or ℓ1-norm for the Laplacian one,
where Cz stands for the normalization constant and βz denotes a scaling parameter. Thus,
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the minimization of the conditional entropy h(Z̃|Z) reduces to the minimization of the
distance d(z̃, z).

Distance covariance: Another way to measure the dependency between the data
is based on distance covariance, as proposed by [10]. In the general case of dependence
between the data, the distance covariance is non-invariant to strictly monotonic transfor-
mations, unlike mutual information. Nevertheless, the distance covariance has several
attractive properties: (i) it can be efficiently computed for two vectors that have generally
different dimensions z̃ ∈ RD and z ∈ RD′

, such that D ̸= D′, and (ii) it is easier to compute
in practice in contrast to the mutual information. Additionally, the distance covariance
captures higher-order dependencies between the data, in contrast to the Pearson correlation.
The distance covariance dCov2(Z̃, Z), proposed by [10], is defined as

dCov2(Z, Z̃) =
1

cDcD′

∫

RD+D′

∣∣∣φZ,Z̃(t, u)− φZ(t)φZ̃(u)
∣∣∣
2

|t|1+D
D |u|1+D′

D′
dtdu, (2)

which measures the distance between the joint characteristic function φZ,Z̃(t, u) and the
product of the marginal characteristic functions φZ(t)φZ̃(u) [10]. This definition has a lot
of similarities to the mutual information in (1), which measures the ratio between the joint
distribution p(z̃, z) and the product of marginals p(z̃)p(z). Since φZ,Z̃(t, u) = φZ(t)φZ̃(u)
when Z̃ and Z are independent random vectors, the distance covariance is equal to zero.

In the following, we proceed with the normalized version of distance covariance,
known as distance correlation, defined as

dCor(Z̃, Z) =
dCov2(Z̃, Z)√

dVar(Z̃)dVar(Z)
, (3)

where 0 ≤ dCor(Z̃, Z) ≤ 1 and dVar(Z) = dCov2(Z, Z).
Sample distance covariance, for a given ZB = [z1, . . . , zB], denoting a batch of size B of

embeddings from original views, and Z̃B = [z̃1, . . . , z̃B], referring to a batch of embeddings
from augmented views, is defined as

dCov2
B(Z̃B, ZB) :=

1
B2

B

∑
j=1

B

∑
i=1

Aj,iCj,i. (4)

In Equation (4), we use the notations Aj,i := aj,i − āj· − ā·i + ā··, Cj,i := cj,i − c̄j· − c̄·i + c̄··,

where aj,i =
∥∥∥Z̃Bj − Z̃Bi

∥∥∥, cj,i =
∥∥∥ZBj − ZBi

∥∥∥, where j, i = 1, 2, . . . , B. Finally, sample dis-
tance correlation is defined as:

dCorB(Z̃B, ZB) =
dCovB

2(Z̃B, ZB)√
dVarB(Z̃B)dVarB(ZB)

, (5)

with dVarB(ZB) = dCov2
B(ZB, ZB).

2.2.2. Dependence between Embeddings of Augmented Data and Multiple
Hand-Crafted Representations

The second mutual information I(Z̃; Z∗
k ) between Z̃ and some invariant feature Z∗

k
deals with vectors of different dimensions. Thus, one can either map these vectors to
the same dimension and apply the above arguments, use the Hilbert–Schmidt proxy [25],
or proceed with the distance correlation dependence measure for the uniformity of consid-
eration. We focus on the distance correlation case due to its property of handling vectors of
different dimensions and its ability to capture higher-order data statistics.
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3. Related Work

Pretext task methods. The main idea behind these methods is to design a specific task,
a.k.a. pretext task, for the dataset that contains some “labels” of the pretext task without
having any access to the labels of the target task. Such pretext tasks include, but are
not limited to, applying and predicting parameters of the geometric transformations [26],
jigsaw puzzle solving [27], inpainting [28] and colorization [29] of the images, and reversing
augmentations. Typically, the pretext task methods have been coupled with other SSL
techniques in recent years [30–32].

Contrastive methods. Most of the contrastive SSL methods are based on different
extensions of the InfoNCE [5] formulation. The InfoNCE method is based on the direct
maximization of the mutual information between the input image and its positive pairs via
minimization of the contrastive loss. Examples of contrastive methods are SimCLR [33],
SwAV [34], and DINO [35].

Clustering methods. Clustering-based SSL methods are based on the idea of assign-
ing cluster labels to the learned representations in an unsupervised manner with some
regularization, such as maintaining uniformity of these cluster labels. The DeepCluster [36]
method iteratively groups the features from the encoder using the standard k-means clus-
tering and then uses them as an assignment for the supervision to update the weights of the
encoder at the next iterations. SwAV [34] and DINO [35] are other notable clustering-based
SSL methods that combine contrastive learning and clustering by clustering the data while
requiring the same cluster assignment for different views of the same image.

Distillation methods. Distillation-based SSL methods like BYOL [37], SimSiam [6],
and others use the teacher–student type of training, where the student network is trained
with the gradient descent, while the teacher network is not updated with gradient descent,
but rather with an exponential moving-average update or other method. Such a design is
used to avoid collapse.

Collapse- preventing methods. Similar to distillation, collapse-preventing methods
try to prevent the collapse by the usage special regularization of embeddings. The Barlow
Twins [7] method aims to make the covariance matrix of the embeddings to be an identity
matrix. This means that each dimension of the embeddings should be decorrelated with all
other dimensions. Additionally, the minimum variance of embedding per each dimension
in the batch is constrained. The VICReg [11] method extends the Barlow Twins [7] approach
by imposing an additional constraint on the distance between the embeddings with and
without augmentations.

Masked Image Modeling. Masked Image Modeling (MIM) for self-supervised learn-
ing has emerged as a compelling approach, diverging from traditional methods like pretext
task, contrastive, or clustering methods. Central to MIM is the principle of intentionally
masking portions of an input image and training a model to predict these occluded parts.
This process enables the model to learn valuable representations of the data without relying
on explicit labels. Unlike contrastive learning methods like SimCLR or SwAV that require
negative samples, MIM directly utilizes the spatial coherence of images to enhance the
model’s ability to recognize and predict the structure within masked areas. Pioneering
examples include the BEiT [8] algorithm, which employs a transformer architecture to
predict the masked visual tokens, drawing inspiration from masked language modeling.
Another notable implementation is the MAE (Masked Autoencoder) [9], which uses an
asymmetric encoder–decoder structure to efficiently reconstruct masked patches. These
approaches contrast with distillation methods like BYOL, where a teacher–student model
is used, and clustering methods like DeepCluster that focus on feature clustering. MIM’s
uniqueness lies in its direct engagement with the raw image data, offering a pathway to
learn intricate image features in a self-supervised manner without the need for complex
negative sample handling or clustering mechanisms.

Knowledge distillation. Knowledge distillation [38] is a type of model optimization,
where a simple small model (student model) is trained to match the bigger complex
model (teacher model). There are multiple types of knowledge-distillation schemes: offline
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distillation [39], online distillation [40], and self-distillation [41]. There are multiple types of
knowledge types that are used for distillation: response-based knowledge [39,42], feature-
based knowledge [43], and others. We show how our method can be used for offline
feature-based knowledge distillation.

4. MV–MR: Detailed Description
4.1. Method

The training objective consists of two parts: (a) ensuring the invariance of the learned
representation under the applied augmentations and, simultaneously, (b) imposing con-
straints on the learned representation. The final loss integrates the loss based on the upper
bound of the mutual information and distance correlation.

4.1.1. Training Objectives for the Representation Learning Based on the Mutual Information

We follow the overall idea of ensuring the invariance of learned representation under
the family of applied augmentations and we proceed along the line discussed in the
previous section. Since both branches have the same dimension D, we proceed with the
maximization of the upper bound on the mutual information between these dimensions, as
considered in Section 2.2.1.

To train the deterministic encoder qϕz(z|x) = δ(z − fϕ(x)), we penalize the embed-
dings z̃i of augmented view x̃i to be as close as possible to the embeddings zi of non-
augmented view xi using the MSE loss between them:

d
(
ZB, Z̃B

)
=

1
B

B

∑
i=1

∥zi − z̃i∥2
2. (6)

The MSE is frequently used to ensure the similarity between embeddings. It can be demon-
strated that this term equates to the conditional entropy term in the mutual information,
as specified in Equation (1), assuming Gaussian conditional distribution. At the same
time, it can be proven that InfoNCE aims to minimize the negative cross-entropy h(Z̃|Z)
while maximizing the entropy h(Z) for the entropy-based model parametrization of p(z̃|z),
with p(z̃) = Ep(z)[p(z̃|z)]. Hence, the MSE loss is a non-contrastive loss based on h(Z̃|Z),
while InfoNCE operates as its contrastive counterpart.

The variance-regularization term corresponding to the entropy term in the mutual
information in (1) is used to control the variance of the embeddings. We use a hinge
function of the standard deviation of the embeddings along the batch dimension:

v(ZB) =
1
D

D

∑
d=1

max(0, γ − S(z[d], ϵ)), (7)

where z[d] denotes the dth dimension of z, γ is the margin parameter for the standard
deviation, ϵ is a small scalar for numerical stability, and S is the standard deviation, defined as

S(a, ϵ) =
√

Var(a) + ϵ. (8)

We define the loss that ensures the correspondence between the embeddings from the
augmented and non-augmented views, i.e., positive pairs. Simultaneously, we bound the
variance of both embeddings as follows:

L1(ϕz) = λd
(
ZB, Z̃B

)
+ µ

[
v(ZB) + v

(
Z̃B

)]
, (9)

where λ and µ are hyper-parameters controlling the importance of each term in the loss,
z = fϕz(x) and z̃ = fϕz(x̃). We set λ and µ to 1 in our experiments. This loss is parametrized
by the parameters ϕz of the encoder and projector. It should be pointed out that, for
the symmetry, we impose the constraint on the variance for both augmented and non-
augmented embeddings.
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It is interesting to point out that the obtained result coincides with the loss used in
VICReg [11], where its origin was not considered, from the information-theoretic point of
view, as the maximization of mutual information between the embeddings. At the same
time, it should be noted that there is no constraint on the covariance matrix of embeddings
as in the VICReg [11] and Barlow Twins [7] methods.

4.1.2. Training Objectives for Representation Learning Based on Distance Covariance

The distance correlation is used for the dependence maximization between the embed-
ding from the augmented view with the non-augmented one and the set of representations
from the hand-crafted functions.

Accordingly, the loss L2(ϕz) denotes the minimization formulation of the distance
correlation maximization problem between embeddings from augmented and non-
augmented views:

L2(ϕz) = α
[
1 − dCorB(Z̃B, ZB)

]
, (10)

and the loss L3(ϕz) denotes the same for the embedding from the augmented view and
kth hand-crafted representation (in the case of self-supervised pretraining) or embeddings
from pretrained models (in the case of knowledge distillation):

L3(ϕz) =
K

∑
k=1

βk

[
1 − dCorB(Z̃B, ZB∗

k
)
]
, (11)

where α and βk are hyper-parameters controlling the importance of each term in the loss.
In our experiments, we set α = 1 and βk = 1.

The final loss function is a sum of three losses:

L(ϕz) = L1(ϕz) + L2(ϕz) + L3(ϕz). (12)

5. Applications of the Proposed Model

In this section, we demonstrate the application of the proposed model to (a) self-
supervised pretraining of the model for classification and (b) self-supervised model distillation.

5.1. Self-Supervised Pretraining for Classification

The proposed method can be used for efficient self-supervised model pretraining
for classification. Once pretrained, the model is finetuned for classification. We report
our results on the STL10 [15] and ImageNet-1K [18] datasets on linear evaluation and
semi-supervised finetuning, with 1% and 10% of label pipelines in Tables 1 and 2. In a
linear evaluation pipeline, the pretrained encoder is used as is, without further training,
while only a one-layer linear classifier is trained with labeled data. In the semi-supervised
finetuning pipeline, the classifier head is attached to the pretrained encoder and the full
model is finetuned on the labeled data.

5.2. Knowledge Distillation

The proposed method can also be used for efficient knowledge distillation. This is
performed by using the pretrained model (teacher) as the feature extractor and computing
the distance correlation between the embeddings of the trainable encoder (student) and
the pretrained teacher encoder. In practice, this can be used to match the performance of
the big pretrained models with smaller models or match the performance of the models
that have been trained on proprietary datasets. In contrast to the standard knowledge
distillation approaches [39], our approach does not use any labels or require a latent space
of the same shape. As a practical example, we demonstrate that, by using the proposed
knowledge distillation approach, we are able to match the performance of the CLIP [13]
based on ViT-B-16 [14] with 86.2 M parameters pretrained on 400 M images from the
LAION-400M [44] dataset, using ResNet50 with only 23.5 M parameters pretrained on
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the STL10 and ImageNet-1K datasets, as shown in Section 6.2. Then, the lower-complexity
distilled model is used for downstream tasks such as classification.

6. Results

In this section, we demonstrate the performance of the proposed method for two down-
stream tasks: (a) SSL-based classification and (b) knowledge distillation-based classification.

6.1. SSL-Based Classification

We evaluate the representations obtained after pretraining the ResNet50 backbone
with MV–MR on the ImageNet-1K and STL10 datasets for 1000 epochs using the loss
function described above. The model pretrained on ImageNet-1K is evaluated with a linear
protocol and a semi-supervised protocol with 1% and 10% of images labeled.

6.1.1. Evaluation on ImageNet-1K

Linear evaluation protocol: A linear classifier is trained on top of the frozen repre-
sentations of the ResNet50 [12] pretrained using MV–MR for 100 epochs with the cross-
entropy loss.

Semi-supervised evaluation protocol: The pretrained ResNet50 is fine-tuned with a
fraction of the ImageNet-1K dataset—1% or 10% of sampled labels for 100 epochs with the
cross-entropy loss.

The results on the validation set of ImageNet-1K for linear and semi-supervised evalua-
tion protocols of the model are shown in Table 1. The main advantage of the MV–MR is that
it presents a new way to regularize latent space for self-supervised pretraining by using dis-
tance correlation between the embeddings from the model and hand-crafted image features.
Due to the lack of computational resources, we did not run the parameter optimization for
ImageNet-1K pretraining, so we think that the results could be further improved.

Table 1. Classification accuracy. Evaluation on ImageNet-1K. Evaluation of the representations from
ResNet50 non-contrastive backbones pretrained with MV–MR on (1) linear evaluation protocol on
top of frozen representations from ImageNet; (2) semi-supervised classification on top of fine-tuned
representations, with 1% and 10% of ImageNet samples labeled. Top-1 refers to the accuracy of a
classifier by determining if the highest-probability prediction is correct, and Top-5 refers to whether
the correct answer is among the five highest probability predictions.

Method

Linear Semi-Supervised

Top 1 Top 5
Top 1 Top 5

1% 10% 1% 10%

Supervised 76.5 - 25.4 56.4 48.4 80.4

PIRL [45] 63.6 - - - - -
SimSiam [6] 71.3 - - - - -
InfoMin Aug [46] 73.0 91.1 - - - -
OBoW [47] 73.8 - - - - -
BYOL [37] 74.3 91.6 53.2 68.8 78.4 89.0
Barlow Twins [7] 73.2 91.0 55.0 69.7 79.2 89.3
VICReg [11] 73.2 91.1 54.8 69.5 79.4 89.5
MV–MR (ours) 74.5 92.1 56.1 69.9 79.4 89.5

Evaluation of Small Datasets

In this study, we demonstrate the self-supervised learning model performance on
small-scale datasets. The model is trained on the STL10 and CIFAR20 [16] datasets with
hand-crafted features: (i) flattened original images, (ii) augmented images, (iii) ScatNet
features, (iv) HOG features, and (v) LSD features. The proposed model achieves state-
of-the-art results in the linear evaluation protocol on the STL10 and CIFAR20 datasets
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compared to all other self-supervised methods. The results for STL10 are reported in
Table 2, and those for CIFAR20 are in Table 3.

Table 2. Evaluation on STL10. Classification accuracy for the linear evaluation protocol on top of
frozen representations from the STL10 dataset.

Method STL10

ADC [48] 53.0
IIC [49] 61
TSUK [50] 66.5
SCAN [16] 80.9
ScatSimCLR [30] 85.1
RUC [51] 86.7
MV–MR (ours) 89.7

Table 3. Evaluation on CIFAR20. Classification accuracy for the linear evaluation protocol on top of
frozen representations from the CIFAR20 dataset.

Method CIFAR20

IIC [49] 25.7
TSUC [50] 35.3
SCAN [16] 50.7
RUC [51] 54.3
LFER Ensemble [52] 56.1
ScatSimCLR [30] 63.8
MV–MR (ours) 73.2

Transfer Learning

To evaluate the pretrained representation of multiclass classification on the VOC07 [53]
dataset, we train a linear classifier on top of the frozen representations from the pretrained
encoder for 100 epochs. The mAP on the VOC07 dataset is reported in Table 4, along with
results from other non-contrastive state-of-the-art SSL methods with a ResNet50 backbone.

Table 4. Transfer learning on multiclass classification on the VOC07 [53] dataset. Evaluation of
the non-contrastive representations from the pretrained model on multiclass classification using the
linear classifier on top of frozen representations. We report mAP.

Method
Linear Classification

VOC07

Supervised 87.5

PIRL [45] 81.1
BYOL [37] 86.6
OBoW [47] 89.3
Barlow Twins [7] 86.2
VICReg [11] 86.6
MV–MR(ours) 87.1

6.2. Knowledge Distillation-Based Classification

To evaluate the proposed approach on the knowledge distillation-based classification
task, we have used a pretrained CLIP [13] model based on the ViT-B-16 [14] encoder as
the teacher and ResNet50 [12] as the student model. The CLIP model is trained based
on the contrastive loss between the image and text embeddings. To proceed with the
knowledge distillation in the same way as the SSL training, we use the default projector
8192-8192-8192 after the ResNet50 encoder. The pretrained CLIP ViT model uses images
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of shape 224 × 224 × 3 as an input and outputs a latent vector of shape 512, as shown
in Figure 2. When reporting the results, the teacher model is evaluated using zero-shot
evaluation on the ImageNet-1k dataset and a linear evaluation pipeline on other datasets.
The student model is evaluated using a linear evaluation pipeline on all datasets.

The goal of the experimental validation is to demonstrate whether the ResNet50 model
with 23.5 M parameters trained only on a smaller dataset can provide similar performance
to the CLIP based on the ViT model with 86.2 M parameters and trained on 400 M images.
It is important to point out that the training is performed without any additional labels,
according to the proposed knowledge distillation framework. In Table 5, we report results
of knowledge distillation, where CLIP based on ViT-B-16 is used as a teacher model and
ResNet50 is used as a student model. The model is trained for only 200 epochs on a
single NVIDIA RTX2080ti GPU using the proposed knowledge distillation approach on
the STL10, CIFAR100, and ImageNet-1K datasets. The obtained results confirm that the
convolutional ResNet50 model with 4× fewer parameters in comparison to the transformer
ViT teacher model and trained on a considerably smaller amount of unlabeled data can
closely approach the performance of the teacher model without any special labeling, clus-
tering, additional augmentations, or complex contrastive losses. Remarkably, the proposed
knowledge distillation largely preserved this performance and achieved 95.6% versus the
best SSL MV–MR result of 89.7%, as indicated in Tables 2 and 5. The proposed distillation
method outperforms all other distillation methods on the CIFAR100 dataset: 78.6% vs.
current state-of-the-art 78.08% [54]. Thus, both the proposed MV–MR SSL training and
knowledge distillation achieve state-of-the-art results on the STL10 and CIFAR100 datasets
and demonstrate competitive results for the ImageNet-1K among all non-contrastive and
clustering-free SSL methods.

Table 5. Knowledge distillation experiment with CLIP based on ViT-B-16 as teacher model
and ResNet50 as a student model.

Approach Parameters STL10 ImageNet-1K CIFAR100

CLIP ViT-B-16
(zero-shot) 86.2 M - 67.1 -

CLIP ViT-B-16
(linear evaluation) 86.2 M 98.5 77.4 82.2

MV–MR ResNet50
(linear evaluation) 23.5 M 95.6 75.3 78.6

6.3. Ablation Studies

In this subsection, we describe the ablation studies on the proposed losses (Table 6).
In each of the experiments, we use the same training and evaluation setup: dataset—STL10,
epochs—100, batch size—64, 16-bit precision, batch accumulation—1 batch. We use a
linear evaluation pipeline. We demonstrate the impact of representation learning based
on the maximization of the considered upper bound on the mutual information and the
maximization of distance covariance in various settings. In this ablation, we show that the
best results are achieved when using three loss terms: L1, L2, and L3 (Appendix A).
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Table 6. Ablation studies on the combination of losses . We check the importance of each loss term
for the training of the model. It is shown that using loss terms L1, L2, and L3 provides the best
classification performance. Also, we observe a phenomenon in which loss terms L2 and L3 work
the best when applied jointly with the loss L1. However, it is interesting to point out that a disjoint
usage of these losses does not lead to reasonable performance enhancement. The exact nature of this
phenomenon is not completely clear and additional investigation should be performed.

Accuracy
L1 L2 L3 Top 1 Top 5

1 loss

✓ 50.86 93.95
✓ 46.71 92.18

✓ 44.1 92.08

2 losses

✓ ✓ 50.76 93.83
✓ ✓ 47.39 92.54

✓ ✓ 40.06 89.31

3 losses

✓ ✓ ✓ 69.38 98.85

7. Implementation Details

The architecture of the MV–MR is similar to ones used in other SSL methods such as
BarlowTwins [7], VICReg [11], and others. The model fϕz , shown in Figure 1, consists of
two main parts: (i) the encoder, which is used for downstream tasks, and (ii) the projector,
which is used for the mapping of encoder outputs to the embeddings used for the training
loss functions in (Figure 1). In our experiments, we use standard ResNet50 [12], available
in the torchvision library [55], as the encoder and projector, which consists of two linear
layers of size 8192, followed by batch normalization, ReLU, and output linear layer.

We use computer vision feature-extraction methods applied to the original data:
original RGB image (that is being flattened into a feature vector), ScatNet features of the
image [56], randomly augmented images, flattening into a feature vector, histogram of
oriented gradients (HOG), and local standard deviation filter (LSD filter) [20].

ScatNet transform: ScatNet [19,56] is a class of Convolutional Neural Networks
(CNNs) that have a set of useful properties: (i) deformation stability, (ii) fixed weights,
(iii) sparse representations, (iv) interpretable representation.

Randomly augmented image: In our experiments, we have applied the following
augmentations to the image: random cropping, horizontal flipping, random color augmen-
tations, grayscale, and Gaussian blur. Then, the image is flattened into a one-dimensional
feature vector.

HOG : Histogram of oriented gradients (HOG) [21] is a feature description that is
based on the counting of occurrences of gradient orientation in the localized portion of
an image.

LSD filter: A local standard deviation filter [20] is a filter that computes a standard
deviation in a defined image region over the image. The region is usually of a rectangular
shape of size 3 × 3 or 5 × 5 pixels.

We use the PyTorch framework [55] for the implementation of the proposed approach. We
use ScatNet with the following parameters: J = 2 and L = 8. We use the HOG feature extractor
with the following parameters: number of bins—24 and pool size—8. We use a kernel of size
3× 3 in the STD filter. As augmentations, for both image representation and as the input to the
encoder, we use randomly resized cropping; random horizontal flipping with probability 0.5;
random color-jittering augmentation with brightness 0.8, contrast 0.8, saturation 0.8, hue 0.2,
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and probability 0.8; random grayscale with probability 0.2; and Gaussian blur with a kernel size
of 0.1 of the image size, mean 0, and sigma in the range [0.1, 2].

For the losses, the margin parameter γ is set to 1, and ϵ is set to 1 × 10−4 in (7).
During the self-supervised pretraining experiments that are presented in Tables 1 and 2,

we train models for 1000 epochs, with batch size 256, gradient accumulation every 4 steps,
base learning rate 1 × 10−4, Adam [57] optimizer, cosine learning rate schedule, and 16-bit
precision. During linear evaluation, we train a single-layer linear model for 100 epochs
with batch size 256, learning rate 1 × 10−4, and Adam optimizer. During semi-supervised
evaluation on ImageNet-1K, we train a model for 100 epochs with batch size 128, learning
rate 1 × 10−4, and Adam optimizer. During the knowledge distillation, we train the model
for 200 epochs, with batch size 512, base learning rate 1 × 10−4, Adam optimizer, cosine
learning rate schedule, and 16-bit precision.

When training, weight parameters λ = 1 and µ = 1 in in L1, α = 1 in L2, and
βk = 1, k = 1. . . K in L3.

8. Conclusions

In this paper, we introduce novel self-supervised MV–MR learning and knowledge
distillation approaches, which are based on the maximization of several dependency
measures between two embeddings obtained from views with and without augmentations
and multiple representations extracted from non-augmented views. The proposed methods
use an upper bound on mutual information and a distance correlation for the dependence
estimation for the representations of different dimensions. We explain the intuition behind
the proposed method of upper bound on the mutual information and the usage of distance
correlation as a dependence measure. Our method achieves state-of-the-art self-supervised
classification on the STL10 and CIFAR20 datasets and comparable state-of-the-art results on
ImageNet-1K datasets in linear evaluation and semi-supervised evaluations. We show that
ResNet50 pretrained using knowledge distillation on CLIP ViT-B-16 achieves comparable
performance with far fewer parameters (23.5 M with ResNet50 vs. 86.2 M parameters
with CLIP ViT-B-16) and a relatively small training set on multiple datasets: STL10 and
ImageNet-1k. The proposed disillation method also achieves state-of-the-art peformance
on the CIFAR100 dataset, 78.6% vs. previous state-of-the-art of 78.08%.

In our paper, we exclusively focus on the image-classification downstream task using
ResNet architecture, limiting ourselves to its standard augmentation techniques. Future
efforts should extend beyond ResNets to encompass transformers and other advanced deep
learning architectures, exploring their applicability not just in classification but also in other
vision downstream tasks, such as object-detection and -segmentation tasks, by using the
pretrained backbone with a proper head that is finetuned for the selected downstream task.
This expansion would allow for a broader range of augmentation strategies, such as Masked
Image Modeling (MIM), and provide insights into the performance of different hand-crafted
features across various architectures, enhancing the versatility of self-supervised learning
approaches in computer vision. The code is available at: github.com/vkinakh/mv-mr.
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Abbreviations
The following abbreviations are used in this manuscript:

SSL Self-supervised learning
MI Mutual information
ViT Vision transformer
CLIP Contrastive language-image pretraining
MSE Mean square error
LSD Local standard deviation
HOG Histogram of oriented gradients

Appendix A. Ablation Studies Section 6.3

In this section, we describe the ablation studies on the combination of features for loss
term L3 (Table A1), a number of layers, and both the size of the projector in the trainable
encoder (Table A3) and image augmentations (Table A2). In each of the experiments, we use
the same training and evaluation setup: dataset—STL10 [15], epochs—100, batch size—64,
16-bit precision, batch accumulation—1 batch. When pretraining, all three loss terms are
used. After model pretraining, it is evaluated using linear evaluation.

We describe the ablation studies on the combinations of features used for the L3
loss term in combination with loss terms L1 and L2 in Table A1. We study the impact
of features on the classification accuracy of the model. We use the following features in
the study: the original image flattened into a vector, ScatNet [56] features of the original
image, an augmented image flattened into a vector, a histogram of oriented gradients of the
original image, and features from the local standard deviation filter (LSD). We use ScatNet
with the following parameters: J = 2 and L = 8. We use the HOG [21] feature extractor
with the following parameters: number of bins—24 and pool size—8. A kernel of size 3 × 3
is used in the LSD filter [20]. As augmentations for image representation, we use randomly
resized cropping; random horizontal flipping with probability 0.5; random color-jittering
augmentation with brightness 0.8, contrast 0.8, saturation 0.8, hue 0.2, and probability
0.8; random grayscale with probability 0.2; and Gaussian blur with a kernel size of 0.1 of
the image size, mean 0, and sigma in the range [0.1, 2]. We show that the best results are
achieved when we use the combination of all feature extractors mentioned above.

The ablation studies on image augmentations are presented in Table A2. As augmen-
tations, we compare randomly resized cropping, random horizontal flipping, random color
augmentations, random grayscale, and random Gaussian blur. We use the same parameters
for each augmentation as when augmented images are used as features. We show that the
best classification results are achieved when a combination of random cropping, horizontal
flipping, color jittering, and random grayscale is used.

The ablation studies on the number of layers and their size in the encoder’s projects
are presented in Table A3. When the number of layers is larger than one in the projector, it
consists of blocks with linear layers, batch normalization, and ReLU activation. We always
keep the last layer linear. We show that the best classification results are observed when
the projector consists of three layers, each with 8192-8192-8192 neurons.
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Table A1. Ablation studies of the combinations of features used for the L3 loss. In this setup, all
three losses are used: L1, L2, and L3. ScatNet transformation of the original image. Augmented
image—randomly augmented original image. HOG—histogram of oriented gradients, computed
from original view. LSD—original view filtered with the local standard deviation filter. Since all of
these features are images, they are flattened before computing distance correlation.

Original Image ScatNet Augmented Image HOG LSD
Accuracy

Top 1 Top 5

1 feature

✓ 58.82 96.81
✓ 54.12 95.23

✓ 63.51 97.81
✓ 54.15 95.26

✓ 53.94 95.44

2 features

✓ ✓ 64.44 97.97
✓ ✓ 66.18 98.39
✓ ✓ 63 97.78
✓ ✓ 63.14 97.8

✓ ✓ 63.3 97.78
✓ ✓ 62.95 97.6
✓ ✓ 59.41 96.78

✓ ✓ 63.66 97.69
✓ ✓ 60.21 96.8

✓ ✓ 62.46 97.71

3 features

✓ ✓ ✓ 65.82 98.18
✓ ✓ ✓ 65.52 97.97
✓ ✓ ✓ 60.96 97.08
✓ ✓ ✓ 65.11 98.12
✓ ✓ ✓ 65.19 98
✓ ✓ ✓ 65.37 98.29

✓ ✓ ✓ 65.45 98.18
✓ ✓ ✓ 64.35 97.93
✓ ✓ ✓ 60.63 97.1

✓ ✓ ✓ 64.9 98.08

4 features

✓ ✓ ✓ ✓ 68.25 98.45
✓ ✓ ✓ ✓ 68.2 98.53
✓ ✓ ✓ ✓ 64.56 97.44
✓ ✓ ✓ ✓ 67.21 98.48

✓ ✓ ✓ ✓ 67.05 98.22

5 features

✓ ✓ ✓ ✓ ✓ 69.38 98.85

Table A2. Ablation studies on the image augmentations.

Random Crop Horizontal Flip Color Grayscale Blur
Accuracy

Top 1 Top 5

✓ 43.02 90.31
✓ ✓ 49.99 93.98
✓ ✓ ✓ 50.58 93.76
✓ ✓ ✓ ✓ 70.82 98.96
✓ ✓ ✓ ✓ ✓ 69.38 98.85
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Table A3. Ablation studies on the projector. Projectors consist of blocks with linear layers, batch
normalization, and ReLU activation. We always keep the last layer linear.

Projector Size Accuracy

8192-8192-8192 69.38
4096-4096-4096 51.90
2048-2048-2048 51.35
1024-1024-1021 51.86
512-512-512 49.40
256-256-256 49.02
8192-8192 49.90
4096-4096 48.81
2048-2048 48.66
1024-1024 48.73
512-512 48.06
256-256 48.07
8192 48.65
4096 48.51
2048 48.20
1024 47.61
512 46.11
256 47.17
without projector 16.70
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