Learning Deep Neural Networks:
Necessity and Scope of Prior Knowledge,
Raw Data, and Labels

Yuki M. ASANO
Balliol College

University of Oxford

Supervisor: Professor Andrea Vedaldi
Work submitted for the D.Phil degree

Ist July 2021



Abstract

The recent rise in machine learning has been largely made possible by novel algorithms,
such as convolutional neural networks and large-scale labelled datasets. Yet obtaining
labelled datasets is expensive, does not scale well, and should not be necessary for
learning general representations of data such as images or videos. Thus, by shifting the
training of neural networks to not require labelled data, it is possible to obtain more
robust, diverse and generelizeable neural networks that can scale to the vast quantities
of readily available unlabelled data. Learning transferable representations from raw
data can thus drastically reduce the cost of solving new tasks and improve performance
in many settings where supervisory signals are scarce. The field of self-supervised
learning has therefore become an increasingly popular framework for learning without
labels and in this thesis I provide several works that shed light on the workings of
self-supervised learning, and that contributed to, and shaped the state of the art in
this field. This thesis covers works that: i) analyze the role of image transformations;
ii) develop methods for self-supervised clustering in the image and video domain; iii)
develop novel representation learning methods for video-audio and video-text data
and; iv) propose a new dataset better suited to self-supervised pretraining than the
current standard. Put together, these works investigate and further the state of
self-supervised learning from multiple dimensions and its insights continue to shape

the future of deep learning without labels.
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Introduction and Overview

In this chapter, we give an overview on the research questions tackled in this thesis

along with an overview of the existing literature.

1.1 Motivation

Since the first successful training of a deep neural network on a large scale dataset of
over a million images in 2012 [Krizhevsky et al., 2012], their performance, applications,
and our understanding of them has kept increasing. While this advance is also due to
the utilisation of faster computation via Graphical Processing Units (GPUs), a key
ingredient was the major advances in algorithms, most notably the use of convolutional
neural networks (CNNs) [LeCun et al., 1998]. Importantly, it has been found that these
models, once trained, can transfer to other tasks and domains relatively well [Zeiler
and Fergus, 2014; Yosinski et al., 2014]. This means that a model trained for e.g.
image classification can be re-used and easily finetuned on a different task, such as
object detection or segmentation, while requiring less data than otherwise necessary.
The encoding that these networks learn, formally described as representations, are

therefore of general nature, and extract widely useful properties of the input data.
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However, the performance of the CNNs—and more recently architectures such as
the vision transformer [Dosovitskiy et al., 2021]—greatly depends on the amount of
training data supplied. While ever larger and richer datasets such as ImageNet [Deng
et al., 2009b], COCO [Lin et al., 2014], Conceptual Captions [Sharma et al., 2018] or
Openlmages [Kuznetsova et al., 2018] have been developed and have improved the
performance of these algorithms, deep learning progress has relied on having human
generated labels for these datasets which indicate what is in a picture or even which pixel
belongs to what object category. This process is slow and expensive, making labelling
new datasets a bottleneck for the whole computer vision community. Therefore, not
relying on labelled data is crucial in several aspects, it allows for larger scale, better

accessibility, fundamental insights, and avoidance of ambiguity.

Scale. Data, such as images and videos are abundant on the web. Combined with
the fact that current methods positively scale with the amount of training data
supplied [Hestness et al., 2017; Goyal et al., 2021] this means that large improvements

can be expected when the need for labeled data is abolished.

Accessibility. From satellite image analysis [Ma et al., 2019] to medical imaging [Azizi
et al., 2021], computer vision models are finding a wide set of application areas.
Especially since stronger models require less training data for achieving a given
performance level [Azizi et al., 2021; Chen et al., 2020b; Goyal et al., 2021; Caron
et al., 2020], the development of better models thanks to the larger scale pretraining
will allow even more researchers and practitioners to use this powerful set of tools
for their own research questions. That means that even problems that have little
training data, such as fine-grained rare plant species identification [Tan et al., 2019],

can start to benefit from these technologies.

Fundamental research. Humans develop a working visual system without an adult
pointing to every object every second and pointing out the name of it. Despite the

large differences in artifical neural networks and the biological vision systems [Sinz
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Figure 1.1: Advantages of using self-supervised learning.

et al., 2019] — for which great insights have been found by investigating cats’ neuron
activations [Hubel and Wiesel, 1962] — exploring just how far neural networks can be
optimized without labels is an important research question. While learning with labels
was the starting point for the deep learning revolution, it by no means is truly a necessary
component of it. This is even more the case for learning from multiple modalities, such

as when presented with videos, where for example audio is additionally available.

Avoid ambiguity of labels. In the case of labeled data, not only are labels such
as “house” or “boat” highly ambiguous by what they mean, they are also heavily
dependent on the culture and socio-economic background of the person conducting the
dataset annotations [Paullada et al., 2020]. This means using labels will necessarily
incorporate some kind of human bias in the data. While this might not be crucial when
the task is simply determining whether an image is a dog or a cat, it is problematic
when these biases are infused into the model in the pretraining step, as pretrained
models are widely used as a starting point and insidious biases can easily go unchecked,
such as was the case for an face upsampling work PULSE [Menon et al., 2020]. Of
course learning without labels does not eliminate bias [Steed and Caliskan, 2021] and

for example geographic bias might still exist [Shankar et al., 2017].

For these reasons, deep learning methods that can train successfully without using
labels are crucial for the field of computer vision, and especially representation learning,
to continue its fast progress in a safe and scalable fashion. It is thus, that in this
thesis we ask the question: What is the scope and necessity of prior knowledge, data

and labels in learning deep neural networks?
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Such methods, that can train a neural network from a random initialisation to a
state in which it is useful for other tasks — without the need of labeled data — are
categorized under the umbrella of “self-supervised learning” (SSL) methods. These
SSL methods work on the raw data, such as images and videos and train a model such
as a CNN using a “pretext task” that can be constructed on the inputs alone and does
not require knowledge of labels. One special subset of these methods are multi-modal
representation learning methods. These leverage the association of different modalities
within raw data that comes for free, such as the audio-stream in a video, or the
speech in text form from the audio. Both single modal and multi-modal representation
learning have matured rapidly and, while they are very related, in the following we
provide an overview of the key motivations and related works for both topics separately,

making connections where appropriate.

1.2 Key Ideas and Literature Review

1.2.1 Self-supervised Learning

\
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Model roxy task]
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+ transformations

Figure 1.2: Basic framework for training with self-supervised methods.

The key idea of learning without labels is to construct a task which can provide a
learning signal, despite not using annotations. This learning signal is obtained by the
construction of “pretext tasks”, and therefore the performance on this task is not suited

for judging if the neural network has learned meaningful representations of the visual
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world. Instead, performance evaluations are conducted in a standardized way on other

datasets, referred to as “downstream tasks”, for which labels are used.

Performance evaluations. Generally, there are two main quantitative ways of
evaluating the performance of a trained neural network [Goyal et al., 2019]: by keeping
the weights of the model frozen or by further fine-tuning the weights. For the former,
the trained model is frozen and typically only a weak model, such as a linear classifier!,
is trained on some labelled dataset. For image models, datasets such as ImageNet
LSVRC-12 [Deng et al., 2009a] (as shown in Fig. 1.3), Places205 [Zhou et al., 2017] or
iNaturalist [Van Horn et al., 2018] are used. For video datasets, evaluation is conducted
on the UCF-101 [Soomro et al., 2012] and HMDB-51 [Kuehne et al., 2011] and includes
also nearest neighbor based class retrieval. It is also possible to evaluate without
further training a linear layer: the individual images’ representations are saved and
either clustering [Sariyildiz et al., 2020; Zheltonozhskii et al., 2020] with k-means,
or k-nearest neighbor (kNN) evaluations [Caron et al., 2021; Chen et al., 2021b] are
performed. Both for kNN and linear evaluation, accuracy values are typically reported.
For clustering evaluations, generalized correlation metrics such as the normalized
mutual information (NMI) or the adjusted Rand-Index (aRI) are reported, both of
which inform about the alignment between the ground-truth set of human labels

and the unsupervisedly determined ones.

In the case of fine-tuning, the pretrained model is further optimized on some dataset such
as Pascal VOC [Everingham et al., 2010] or COCO [Lin et al., 2014] for tasks such as
object detection and segmentation, or using only a few labelled samples further trained
in a “data-efficient” manner, e.g. using 1% of images in ImageNet [Caron et al., 2020;
Chen et al., 2020b; Gidaris et al., 2021]. For videos, fine-tuning for action classification is
the most common evaluation, and typically conducted on UCF-101 [Soomro et al., 2012],

HMDB-51 [Kuehne et al., 2011] and Kinetics-400 [Kay et al., 2017]. For evaluating

!The reason for utilizing a linear classifier is because it is relatively weak model (effectively a
projection into the label space). Thus, a higher performance means that the features obtained from
pretraining are well aligned and generelizeable to the downstream task.
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audio representations, datasets such as ESC-50 [Piczak, 2015] and DCASE [Stowell
et al., 2015] are used. For multi-modal datasets, cross-modal retrieval is also often used
for example on datasets such as MSR-VTT [Xu et al., 2016], MSVD [Venugopalan et al.,
2015}, VATEX [Wang et al., 2019b] and typically performance at various neighborhood
levels is reported. While fine-tuning pretrained networks has been criticised [He et al.,
2019] due to unclear gains in final performance, under common settings, such as the

same number of iterations, pretraining yields significant gains.

In the following, we first provide an overview on image-based self-supervised learning

methods and then describe the relevant literature on learning from multi-modal data.
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Figure 1.3: Increase in performance on a benchmark of self-supervised methods over the
recent years. Even when keeping the architecture constant (such as a ResNet-50), performance
has increased drastically. Plot taken from [Papers with Code, 2021].

Image-based

Context. One of the earliest self-supervised methods was developed with a pretext
task of predicting the context within a single image. This was framed as classifying
the relative position of two images patches [Doersch et al., 2015]. This method was

further developed and framed as a task akin to letting the network solve 3 x 3 jigsaw
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puzzles of image patches [Noroozi and Favaro, 2016]. Further adjustments improved
the performance, such as increasing the difficulty of the task [Kim et al., 2018] and
correcting for shortcuts the network might take such as learning chromatic aberration
in photographs [Mundhenk et al., 2018]. Similarly, removing a part of the image and
letting the network inpaint the details has been posed as another task in [Pathak
et al., 2016]. Most recently, the publication of BEIT [Bao et al., 2021] has shown
that vision transformers are well-suited to pretraining supervisedly using an objective
similar to masked language modelling, a common pretraining method for natural
language models. Here, random patches are simply masked and the model along with

a decoder is trained using a generative objective.

Transformations. In [Zhang et al., 2016; Larsson et al., 2017, 2016], a neural network
is used to colorize an image from its grey-scale version. This exploits the invariance of
the semantic content to color and poses a difficult task that needs to learn to extract
information from a larger context. An extension to this method is developed in [Zhang
et al., 2017]. Because the colorization task can only extract features from the grey-scale
image, it does not learn information from colors. Hence the authors let the network
predict a subset of input channels given another subset of channels (e.g. predicting the
luminosity from the blue—yellow component and the green-red component in the ‘Lab’
color space). The method introduced in [Gidaris et al., 2018] uses image transformations
to explicitly exploit an aspect of the training data: most photographs are taken upright.
This photographer’s bias is used to construct a proxy task in which an image is
randomly rotated by a multiple of 90° and the network is tasked with classifying the
original orientation. The authors argue that for this task low-level features such as
edges are not enough and that the network has to instead learn meaningful feature
extractors. Another method uses transformations such as subdividing the image and
rescaling it to force the network to learn equivariance of visual primitives, such as
eyes [Noroozi et al., 2017]. Another take on using transformations is to force the
network to predict which transformation has been applied to an image [Zhang et al.,

2019; Lin et al., 2019]. Again, the authors argue that this requires high-level reasoning
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and this method shows how there are multiple gains still achievable from exploiting
data transformations. This is indeed a similar message of our work [Asano et al.,
2020b] presented in Chapter 3, where we investigate the effect of data augmentations
in self-supervised learning by training on only one source image. This work is also
related to studies of babies early visual inputs in which it has been found that very
little diversity exists, but that instead very few objects or persons are within the field

of view of the baby for long periods of time [Orhan et al., 2020]

Generative Adversarial Approaches. With the development of Generative Ad-
versarial Networks (GANs) in [Goodfellow et al., 2014], its architecture of using two
networks that improve each other’s performance has been taken to self-supervised
learning first in [Radford et al., 2015]. Soon, this architecture was improved for feature
representation learning by including an additional encoder in this setup (yielding three
networks to be trained) in the Bi-directional GAN [Donahue et al., 2017; Dumoulin
et al., 2016]. This has been further scaled to achieve stronger performances using ResNet
architectures alongside more powerful generative networks [Donahue and Simonyan,
2019]. Another use of GANs is in [Jenni and Favaro, 2018], where the network is

trained to spot high-level artifacts in images generated by another neural network.

Noise-Contrastive. While contrastive learning has been first introduced in [Hadsell
et al., 2006; Chopra et al., 2005], one of the first usages in self-supervised representation
learning is [Wu et al., 2018a]. This work, where a pretext task of discriminating
each image instance from other images is first introduced, has also been motivated by
the work of Dosovitskiy et al. [2016], in which pseudolabels are created by applying
a large set of transformations to each image and the network is trained to ignore
these transformations. This work has also recently been further scaled in [Liu et al.,
2021] to 1 Million classes. Noise-contrastive learning has quickly taken center stage in
self-supervised learning with the publication of CPC [Hénaff et al., 2019; Oord et al.,
2018] in which the task is framed as an auto-regressive task, [Misra and van der Maaten,

2020] where contrastive learning is combined with further pretext task invariances,
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and MoCo [He et al., 2020], in which a slow, exponential-moving average network is
used to replace the memory bank in [Wu et al., 2018a]. Following this, works such
as SImCLR [Chen et al., 2020a], CMC [Tian et al., 2020a], MoCo-v2 [Chen et al.,
2020c], SimCLR~v2 [Chen et al., 2020b] have further pushed the state-of-the-art in
this field and also sparked multiple improvements upon this basic structure: Works
such as [Kalantidis et al., 2020] introduce learning from synthetic hard negatives
while [Hu et al., 2020] construct hard negatives synthetically; [Xie et al., 2021b] bring
the contrastive loss to the localised feature-map; [Cai et al., 2020] generate multiple
views to better approximate invariances; [Li et al., 2021] combines contrastive learning
with clustering and [Ayush et al., 2020] does this with geo-location discrimination;
[Shen et al., 2020] introduces the usage of augmentations such as cut-mix and mix-up
to MoCo-style methods; [Zhu et al., 2020] shows how noise-contrastive learning can
be conducted even with as little as 16 negatives by adding a margin parameter and
changing the temperature and learning rate; and [Wei et al., 2021] add an additional
consistency loss to alleviate the impact of false negatives. Building on SimCLR,
[Dwibedi et al., 2021] further use nearest neighbors in embeddings space sampled from

a queue, to enforce better more class-oriented invariances.

There are also multiple works that analyze the workings of contrastive learning [Wang
and Isola, 2020], the role of the different views [Tian et al., 2020b], as well as comparative
studies of the different self-supervised methods [Xiao et al., 2021; Gansbeke et al.,

2021] and their pretraining datasets [Kotar et al., 2021].

Non-contrastive agreement between views. Building on the key insight from
contrastive learning that augmentation invariance provides a strong supervisory signal,
BYOL [Grill et al., 2020] first introduced the notion of learning solely by agreement
between views. Works such as [Zbontar et al., 2021; Bardes et al., 2021; Ermolov
et al., 2020] similarly learn this invariance by explicitly enforcing feature-level cross-
correlations to be low and [Chen and He, 2021] simplifies learning from two shared

encoders by introducing simple stop-gradients instead of momentum updates to keep
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training stable. Building on BYOL, [Koohpayegani et al., 2021] leverages using
multiple nearest neighbors in embedding space, effectively implicitly clustering the

representations in an online fashion.

Clustering. In [Bojanowski and Joulin, 2017], a neural network is trained to learn
an embedding on a unit-sphere that optimizes random clusters. In [Caron et al., 2018],
a simple alternating procedure was developed to train a model by switching between
training a model on pseudolabels and assigning pseudolabels based on k-means on
the features of the whole data set. By incorporating transformations, this allows the
network to become invariant to them and works by extracting and amplifying the initial
feature extractor (a randomly initialized neural network). An online version of this was
proposed in [Zhan et al., 2020]. We build on this work by noticing that the k-means
objective and the network training objective (cross-entropy) are not equal and develop
a novel loss that is shared between clustering and representation learning in [Asano
et al., 2020c|. This loss is efficiently optimized using optimal-transport [Cuturi, 2013]
for obtaining highly semantic clusters. This Sinkhorn-Knopp optimal transport based
clustering is also used in one of the state-of-the-art pretraining methods SwAV [Caron
et al., 2020], in which online clustering is done and the network is tasked with predicting
cluster assignments across different augmentations. More recently, clustering on the
localised feature-maps has been proposed in [Gidaris et al., 2020] and further improved

to work in an online fashion in [Gidaris et al., 2021].

Combinations. There are few papers that show that combining multiple tasks
yields superior performance. In [Doersch and Zisserman, 2017], colorization [Larsson
et al., 2017], relative position [Doersch et al., 2015], exemplar [Dosovitskiy et al.,
2016] and motion segmentation [Pathak et al., 2016] is combined. In [Kim et al.,
2018], jigsaw [Noroozi and Favaro, 2016] is combined with colorization [Larsson et al.,
2017]. In [Feng et al., 2019], rotation prediction [Gidaris et al., 2018] is combined with
instance retrieval [Wu et al., 2018b]. There are also works which combine contrastive

or cross-view agreement with some clustering notion [Xie et al., 2021a; Li et al., 2021].
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Video-based. Some of the tasks that use the space dimension of images have been
extended to the space-time dimensions of videos by crafting equivalent tasks. These
include jigsaw puzzles [Kim et al., 2019], and predicting rotations [Jing and Tian, 2018§]
or future frames [Han et al., 2019]. Other tasks leverage the temporal dimension of
videos to learn representations by predicting shuffled frames [Misra et al., 2016], the
direction of time [Wei et al., 2018], motion [Wang et al., 2019a], clip and sequence
order [Xu et al., 2019; Lee et al., 2017], and playback speed [Benaim et al., 2020; Cho
et al., 2020; Fernando et al., 2017]. More recently, works that leverage noise-contrastive
learning have also been extended to the video domain [Han et al., 2019, 2020b,a].
Besides the raw RGB videos, video data often contains multiple associated modalities
such as audio, visual flow (computed from raw videos), or text captions obtained from
the audio. And indeed, it has been consistently found that models that leverage multiple
modalities can be leveraged to further improve visual representation learning. In the

following, we provide an overview on multi-modal self-supervised learning frameworks.

1.2.2 Multi-modal Learning

Learning from multiple modalities not only contains more raw information and provides
alternate views for more robust learning, but can also be motivated from human
learning. Humans indeed learn by leveraging the redundancy of the different sensory
experiences [Barlow, 1989; Edelman, 1987]. Since humans experience multiple signals
coming from the vision, sound, movement and touch, leveraging these signals together
allows for more robust processing [Edelman, 1987] as well as for learning from co-

occurrences across modalities [de Sa, 1994].

Videos, unlike images, are a rich source of a variety of modalities such as speech, audio,
and optical flow, and their correlation can be used as a supervisory signal. While
this idea has been proposed even before deep learning has become mainstream [de Sa,
1994], only recently, it has been used to successfully learn effective representations. We
start with methods that learn from audio-visual data. Works that plainly leverage

the natural correspondence [Owens et al., 2016; Aytar et al., 2016; Arandjelovi¢ and
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Zisserman, 2017; Alwassel et al., 2020a] for learning are among the first in this domain.
Building on this, audio-visual synchronization [Chung and Zisserman, 2016; Korbar
et al., 2018; Owens and Efros, 2018] has further driven the development of methods
that learn to leverage the information contained in aligned video-audio clips. In a
similar fashion, cross-modal contrastive methods such as CMC [Tian et al., 2020a]
and GDT [Patrick et al., 2020], presented in Chapter 7, can leverage this signal but in
addition can learn arbitrary invariances and variances introduces by transformations.
Similar to GDT, but utilizing the idea of using better contrastive pairs are [Morgado
et al., 2020, 2021]. In Chapter 8, we provide orthogonal contributions by tailoring the
architecture and augmentations to videos in a noise-contrastive audio-visual setting
and achieving state-of-the-art performances [Patrick et al., 2021a]. Work that extends
BYOL and MoCo to the video domain include [Recasens et al., 2021], which uses
two different temporal horizons for computing views, as well as [Feichtenhofer et al.,
2021] which show that augmentations for video BYOL and MoCo play a crucial role in
obtaining high performances. Works that use clustering for learning representations
include XDC [Alwassel et al., 2020b], which generalized DeepCluster [Caron et al.,
2018] to the audio-visual domain by predicting cluster assignment across modalities;
as well as [Piergiovanni et al., 2020], which uses clustering for meta-learning a loss
function; and [Asano et al., 2020a], which we present in Chapter 5 and which provides

a generalization of [Asano et al., 2020c] to the non-uniform, and multi-modal case.

Moving beyond audio-visual data, video-text data has also been popular for training
representations, especially since the release of the HowTol00M dataset [Miech et al.,
2019]. This dataset of 100M clips from 1.2M videos is a large-scale instructional video
dataset, and has allowed many papers to leverage speech as a weak supervisory signal
to train video representations. Research on learning video-text representations for
the specific purpose of cross-modal retrieval, has applications such as search engines
(text-to-video) or captioning (video-to-text). In [Sun et al., 2019a; Miech et al., 2020;
Rouditchenko et al., 2020; Li and Wang, 2020; Bain et al., 2021], training on video-text
datasets is done by training cross-modally using contrastive learning. Models such

as [Sun et al., 2019b; Nagrani et al., 2020; Luo et al., 2020; Zhu and Yang, 2020;
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Gabeur et al., 2020] instead jointly model visual and textual inputs in a combined
model to model interactions. While all these approaches rely on a contrastive objective,
VidTranslate [Korbar et al., 2020] shows that a generative objective can also be used
to learn joint video-text representations. In contrast to [Korbar et al., 2020], in
[Patrick et al., 2021b] presented in Chapter 6, we show that combining contrastive and
generative objectives to pretrain video-text representations on large-scale data such as
HowTol00M is very effective. The generative objective thus mitigates the strictness of
the instance discrimination task of the contrastive objective, and thus yields similar

benefits to works that change the raw noise-contrastive objective introduced above.

Most recently, there are also works which go beyond learning from just two modalities,
either via distillation [Piergiovanni et al., 2020], or via explicit modelling of multiple

embedding spaces [Alayrac et al., 2020; Akbari et al., 2021].

Finally, multi-modal learning has also been leveraged for applications. These include
lip reading [Chung and Zisserman, 2016; Chung et al., 2017; Afouras et al., 2018¢],
audio-visual source separation and localization [Arandjelovi¢ and Zisserman, 2018;
Zhao et al., 2018; Afouras et al., 2018b; Zhao et al., 2019; Harwath et al., 2018; Hu
et al., 2019], speech recognition [Potamianos et al., 2003; Afouras et al., 2018a], efficient
inference [Gao et al., 2020; Korbar et al., 2019], egocentric action recognition [Kazakos
et al., 2019] and navigation [Chen et al., 2019]. Most recently, multi-modal self-
supervised learning has been leveraged for learning a generic object detector for images

in [Afouras et al., 2021] and presented in Chapter 9.

1.3 Publication List

Chapters 3 to 10 present papers accepted (Chapters 3 to 6), or currently under review
(Chapters 7 to 10) at major conferences and are left in their original or preprint
formatting. I am a first/co-first author in each of these papers and statements of

authorship are provided in Appendix Chapter 10. The publications list is as follows:
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1. Chapter 3: A critical analysis of self-supervision, or what we can learn from a

single image, presented at ICLR 2020.

2. Chapter 4: Self-labelling via simultaneous clustering and representation learning,

presented at ICLR 2020 as a spotlight.

3. Chapter 5: Labelling unlabelled videos from scratch with multi-modal self-supervision,

presented at NeurIPS 2020.

4. Chapter 6: Support-set bottlenecks for video-text representation learning, presented

at ICLR 2021 as a spotlight.

5. Chapter 7: Multi-modal Self-Supervision from Generalized Data Transformations,

presented at ICCV 2021.

6. Chapter 8: Space-Time Crop & Attend: Improving Cross-modal Video Represen-

tation Learning, presented at ICCV 2021.

7. Chapter 9: Self-supervised object detection from audio-visual correspondence,

arXiv preprint.

8. Chapter 10: PASS: An ImageNet replacement for self-supervised pretraining

without humans, presented at NeurIPS Datasets 2021.

In addition, I have written these following works during the time of my D.Phil
but exclude them due to their lower relevance to the main topic of this thesis

(underlined my name):

1. Emergent inequality and endogenous dynamics in a simple behavioral macroeco-
nomic model.
YM. Asano, J. Kolb, J. Heitzig, JD. Farmer.
Proceedings of the National Academy of Sciences (PNAS). 2021.
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2. Memes in the Wild: Assessing the Generalizability of the Hateful Memes Challenge
Dataset.
H. Kirk, Y. Jun, P. Rauba, G. Wachtel, R. Li, X. Bai, N. Broestl, M. Doff-Sotta,
A. Shtedritski, YM. Asano.
ACL 2021 Workshop on Online Abuse and Harms.

3. Privacy-preserving Object Detection.
P. He, C. Griffin, K Kacprzyk, A. Joosen, M. Collyer, A. Shtedritski, YM. Asano
ICLR 2021 Synthetic Data Generation Workshop.

4. How True is GPT-2¢9 An Empirical Analysis of Intersectional Occupational
Biases.
H. Kirk, Y. Jun, H. Igbal, E. Benussi, F. Volpin, F. Dreyer, A. Shtedritski,
YM. Asano.
arXiv 2102.04130 [under review]

5. Rising adoption and retention of meat-free diets in online recipe data.
YM. Asano, G. Biermann.
Nature Sustainability. 2019.



Conclusion

In this thesis, we address the problem of how we can learn the weights of deep neural
networks from raw data, and how far leveraging transformations, as well as the multi-
modal nature of signals as prior knowledge can take us. In the following, we present

summaries and research impact of the included papers and current open questions.

2.1 Summaries and Impact

As shown in Fig. 1.2, self-supervised learning methods contain two parts: a proxy
task, and data transformations. While many papers propose innovations in the former,

few study the effect and role on the latter.

A critical analysis of self-supervision, or what we can learn from a single
image (Chapter 3) [published at ICLR 2020] is an investigation into the role of image
augmentations in self-supervised learning. In order to isolate the effect of the image
augmentations, we investigate three, previously state of the art, self-supervised methods
with regards to their performance in extreme scenarios such as using only one image as
a pretraining dataset. Surprisingly, we find that all three methods can learn meaningful

representations and their early layers perform on par with those trained on ImageNet.
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While for deeper layers, a performance gap arises, the gain of switching from zero
images (random initialization) to one image remains large. This analysis highlighted
that self-supervised learning methods’ essential ingredient is not necessarily massive
amounts of data, but the usage of data augmentation strategies. This can be understood
as infusing some prior knowledge (such as invariance against image noise or rotations)

into the network, and motivated further research into augmentations.

As such, subsequent works have continously improved the augmentations used for
self-supervised learning, such as SimCLR [Chen et al., 2020a], by introduced Gaussian
Blurring, CPC [Hénaff et al., 2019], by the usage of AutoAugment [Cubuk et al., 2019],
SwAV [Caron et al., 2020], by introducing MultiCrop and BYOL [Grill et al., 2020],
by introducing the usage of Solarization. As the first work to self-supervisedly train
on images lacking actual photographic datasets, this work has inspired investigations
into learning from fractal images [Kataoka et al., 2021] and learning solely from

GAN-generated or structured noise images [Baradad et al., 2021].

The next work, Self-labelling via simultaneous clustering and representation
learning (Chapter 4) [spotlight at ICLR 2020] develops a novel method for training
a neural network in a self-supervised manner using clustering that outperforms the
previous methods such as the ones investigated in the previous paper. By building
the clustering loss from two first principles of a) using the same loss function as
supervised training (cross-entropy) and b) requiring clusters to be of the same size,
this paper illuminates how clustering can be solved using optimal transport. This
can substantially improve performance due to using a single loss function for both
clustering and representation learning, and therefore does not suffer from alternating
objectives. This method yields state-of-the-art results on downstream tasks and, as
a by-product of representation learning, creates a set of pseudo-labels for a dataset.
These pseudo-labels, in turn are highly semantic and are close to the ground-truth
human annotations. This work has found numerous applications, including clustering
of video datasets (Chapter 5, Chapter 9), as well as being the core component in a

current state-of-the-art self-supervised learning method, SwAV [Caron et al., 2020].
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In addition, the labels created by this method have been investigated with regards
to human interpretability [Laina et al., 2020].

While the previous paper has shown that self-supervised clustering of images can be
solved efficiently, in the case of multi-modal data, such as video-audio this is non-trivial,
as clustering across modalities yields two sets of disparate clusters, while concatenating

allows the stronger modality to simply dominate.

Labelling unlabelled videos from scratch with multi-modal self-supervision
[published at NeurIPS’20] solves this problem and proposes a general self-supervised
clustering method for multi-modal data. The proposed method solves this issue of
multiple modalities by instead viewing each one as an augmentation (or “view”) of
a common, implicit semantic category and we obtain consistent clustering of video
datasets that group videos of similar content successfully together. For clustering, we
build on the SeLa framework (Chapter 4) from above and further extend it: Firstly,
as multi-modal learning requires two sets of networks (in this case: one for audio,
one for video), this makes clustering both jointly non-trivial. Second, we develop a
method that allows for clustering into arbitrary distributions, such as Gaussian or Zipf
distributions, better suited to video data in the wild. Finally, we provide the first
benchmark in the domain of clustering videos without any supervision and find that,
contrary to the prevailing dogma, strong representation learning performance does
not imply strong clustering performance, e.g. a strong MIL-NCE pretrained encoder’s

clusters generated from k-means are inferior to the clusters obtained using this method.

This method forms the base clustering module in our self-supervised object detection
method of Chapter 9 and has inspired more clustering works in the video domain [Xu
et al., 2021] as well as works that utilize additional modalities or information [Chen
et al., 2021a; Brown et al., 2021]. While this paper shows that clustering multi-modal
data needs to be researched on its own, learning strong video and audio representations
is still highly useful for a number of other tasks, such as human action prediction
and sound classification. The following three works are contributions to this topic

in the video-audio and video-text domain.
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Multi-modal Self-Supervision from Generalized Data Transformations [pub-
lished at ICCV’21 introduces a novel framework for multi-modal representation learning.
In particular, we focus on noise-contrastive learning for the audio-visual domain
and show how various older self-supervised tasks can be posed as simply learning
variances (as opposed to invariances) to special video transformations, such as shifting
the timing between the audio and the video. Using this insight, we find novel
combinations that yield state-of-the-art performance in video and audio representation

learning benchmarks.

This work is also being actively investigated (and potentially used) as a recommendation
backbone for Instagram’s Reels, as described in these public blogposts [Facebook
AT Research, 2020, 2021].

Space-Time Crop & Attend: Improving Cross-modal Video Representation
Learning [published at ICCV’21] pushes the state-of-the-art in video representation
learning further. In this work, we propose to better utilise both the (latent) time
and space dimensions. While the usage of multiple crops in the spatial domain has
been shown to be highly useful in the image domain for learning strong representa-
tions [Caron et al., 2020], a similar approach for videos, due to their time-dimension
is computationally prohibitive. In this work we thus first propose a novel scheme for
cropping in space and time in the embedding space after the last convolutional layer.
This makes the generation of augmentations computationally much more efficient,
while still yielding gains of similar magnitude. Motivated by this better usage of
the latent spatial dimension, we also propose the usage of a shallow transformer
for aggregating the latent time dimension of the representations. This allows for
gains in performances and usage of longer clips, that together achieve state-of-the-art

performances in multiple sets of downstream tasks.

Support-set bottlenecks for video-text representation learning [spotlight at
ICLR’21], is a novel method for learning video-text representations for the purpose
of video-to-text and text-to-video retrieval. This work extends the insights gained

from recent contrastive self-supervised learning, such as MoCo [He et al., 2020] or
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SimCLR [Chen et al., 2020a] to learn stronger video-text encoders. Motivated by
the fact that vanilla noise-contrastive learning treats all other samples as different
classes and therefore will necessarily include many false negatives, we investigate
how we can encourage the network to learn common concepts shared between the
samples. We find that adding a generative captioning task that forces the learning of
commonalities between videos, we achieve significant gains over the vanilla baseline
and obtain state-of-the-art video-to-audio and text-to-video retrieval performance for
common video-text benchmarking datasets. Due to the task’s generative nature, the
text-output also allows for investigating how the model is “seeing” data and yields better
interpretability than plain contrastive methods. While the above three works have
focused on multi-modal representation learning, the next work shows that combining
various parts of self-supervised learning can even allow us to solve tasks previously
reserved for with supervised domain. One such task is object detection, one of the

hallmark tasks in the supervised image domain.

Self-supervised object detection from audio-visual correspondence [under
review], combines noise-contrastive and clustering based self-supervised learning to
detect objects in images. Crucially, and in stark difference to previous works such
as [Hu et al., 2019; Owens et al., 2016], our method generates bounding boxes alongside
class-predictions instead of solely outputting heatmaps. Furthermore, our methods
allows for training an off-the-shelf detector such as faster-RCNN, our method can
also conduct inference on input data without associated sound, i.e. detect objects
on normal images. This method thus shows how important knowledge obtained
from audio-visual associations can be distilled into image models and leveraged for

image-based object detection.

PASS: An ImageNet replacement for self-supervised pretraining without
humans [published at NeurIPS Datasets’21], is a return to the fundamental image-
based representation learning domain with a focus on the training data and its ethical
dimension. More specifically, we focus on generating a pretraining dataset that respect

privacy regulations such as General Data Protection Regulation (GDPR) and reduces
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biases associated to human depictions. In this paper we propose a novel dataset named
“PASS”, which contains random images without humans, or human parts. Firstly,
this dataset allows for pretraining representations without infringing on the privacy
of people while simultaneously reducing the extent of biases present in images, as it
does not contain people and further does not utilize a search engine (which can yield
stereotypical and skewed results [Hanna et al., 2020]) in its creation. Importantly,
we show that self-supervised representations trained on this dataset perform on-par
with those pretrained on ImageNet on a large set of downstream tasks. Lastly, being
random and therefore not object-oriented or class-balanced like ImageNet, this dataset
approximates the use case of self-supervised learning methods much clearer and should

aid in developing novel methods that scale better.

2.2 Open Challenges

Since 2018, self-supervised learning has matured rapidly, yet, it still faces two major

challenges to become a truly foundational pillar for deep learning.

The first is the lack of self-supervised learning methods that can leverage learning
different modalities (such as images, audio and text) from different datasets, as most
datasets do not contain more than two modalities. Without this, the space of potential
learning signals will stay limited and self-supervised learning progress potentially
stall. At present, there are only three works ([Alayrac et al., 2020; Akbari et al.,
2021; Piergiovanni et al., 2020] that learn from more than three modalities, but even
then require those modalities to be included in a single dataset. To address this
challenge, the effective scale at which self-supervised learning can operate needs to
be increased: being able to learn from multiple kinds of inputs such as images, video,
audio, and text simultaneously will unlock new capabilities and datasets and yield a
new paradigm of learning from any data — a long-term goal of self-supervised learning

as a field. Combining multiple modalities with the perception of time (such as is
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present in video) is also an attractive goal as it is more closely aligned to how humans

learn and understand concepts.

The second challenge is the narrow scope of current self-supervised learning methods,
focusing mostly on image or video classification. Thus novel, self-supervised methods
have lots of space to catch up with their supervised counterparts and move beyond
representation learning. So far, these methods have only been applied in a limited
fashion: tasks such as audio-visual synchronization [Korbar et al., 2018; Owens and
Efros, 2018], tracking [Lai et al., 2020], clustering [Alwassel et al., 2020b; Asano et al.,
2020a; Chen et al., 2021a; Brown et al., 2021] and most recently object detection [Afouras
et al., 2021] are only a small subset of what can be learned without labels and will surely
keep expanding and improving. Finally, it is important to note that the development
of multi-modal methods requires substantial amounts of compute requirements, which
can be limiting for researchers not in industry. For continued progress, it is therefore
important to keep this field as open as possible (e.g. by keeping default training sets

small) to prevent the field from splitting and methods from being developed twice.
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ABSTRACT

We look critically at popular self-supervision techniques for learning deep convo-
lutional neural networks without manual labels. We show that three different and
representative methods, BIGAN, RotNet and DeepCluster, can learn the first few
layers of a convolutional network from a single image as well as using millions of
images and manual labels, provided that strong data augmentation is used. How-
ever, for deeper layers the gap with manual supervision cannot be closed even if
millions of unlabelled images are used for training. We conclude that: (1) the
weights of the early layers of deep networks contain limited information about
the statistics of natural images, that (2) such low-level statistics can be learned
through self-supervision just as well as through strong supervision, and that (3)
the low-level statistics can be captured via synthetic transformations instead of
using a large image dataset.

1 INTRODUCTION

Despite tremendous progress in supervised learning, learning without external supervision remains
difficult. Self-supervision has recently emerged as one of the most promising approaches to address
this limitation. Self-supervision builds on the fact that convolut10nal neural networks (CNNGs) trans-
fer well between tasks ( , : s s ). The
idea then is to pre-train networks via pretext tasks that do not require expenswe manual annotations
and can be automatically generated from the data itself. Once pre-trained, networks can be applied
to a target task by using only a modest amount of labelled data.

Early successes in self-supervision have encouraged authors to develop a large variety of pretext
tasks, from colorization to rotation estimation and image autoencoding. Recent papers have shown
performance competitive with supervised learning by learning complex neural networks on very
large image datasets. Nevertheless, for a given model complexity, pre-training by using an off-the-
shelf annotated image datasets such as ImageNet remains much more efficient.

In this paper, we aim to investigate the effectiveness of current self-supervised approaches by char-
acterizing how much information they can extract from a given dataset of images. Since deep net-
works learn a hierarchy of representations, we further break down this investigation on a per-layer
basis. We are motivated by the fact that the first few layers of most networks extract low-level in-
formation ( , ), and thus learning them may not require the high-level semantic
information captured by manual labels.

Concretely, in this paper we answer the following simple question: “is self-supervision able to
exploit the information contained in a large number of images in order to learn different parts of a
neural network?”

We contribute two key findings. First, we show that as little as a single image is sufficient, when
combined with self-supervision and data augmentation, to learn the first few layers of standard deep
networks as well as using millions of images and full supervision (Figure 1). Hence, while self-
supervised learning works well for these layers, this may be due more to the limited complexity of
such features than the strength of the supervisory technique. This also confirms the intuition that
early layers in a convolutional network amounts to low-level feature extractors, analogous to early
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Figure 1: Single-image self-supervision. We
show that several self-supervision methods can be
used to train the first few layers of a deep neural
networks using a single training image, such as
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learned and hand-crafted features for visual recognition (Olshausen & Field, 1997; Lowe, 2004;
Dalal & Triggs, 2005). Finally, it demonstrates the importance of image transformations in learning
such low-level features as opposed to image diversity. !

Our second finding is about the deeper layers of the network. For these, self-supervision remains
inferior to strong supervision even if millions of images are used for training. Our finding is that this
is unlikely to change with the addition of more data. In particular, we show that training these layers
with self-supervision and a single image already achieves as much as two thirds of the performance
that can be achieved by using a million different images.

We show that these conclusions hold true for three different self-supervised methods, BIGAN (Don-
ahue et al., 2017), RotNet (Gidaris et al., 2018) and DeepCluster (Caron et al., 2018), which are
representative of the spectrum of techniques that are currently popular. We find that performance
as a function of the amount of data is dependent on the method, but all three methods can indeed
leverage a single image to learn the first few layers of a deep network almost “perfectly”.

Overall, while our results do not improve self-supervision per-se, they help to characterize the limi-
tations of current methods and to better focus on the important open challenges.

2 RELATED WORK

Our paper relates to three broad areas of research: (a) self-supervised/unsupervised learning, (b)
learning from a single sample, and (c) designing/learning low-level feature extractors. We discuss
closely related work for each.

Self-supervised learning: A wide variety of proxy tasks, requiring no manual annotations, have
been proposed for the self-training of deep convolutional neural networks. These methods use
various cues and tasks namely, in-painting (Pathak et al., 2016), patch context and jigsaw puz-
zles (Doersch et al., 2015; Noroozi & Favaro, 2016; Noroozi et al., 2018; Mundhenk et al., 2017),
clustering (Caron et al., 2018), noise-as-targets (Bojanowski & Joulin, 2017), colorization (Zhang
et al., 2016; Larsson et al., 2017), generation (Jenni & Favaro, 2018; Ren & Lee, 2018; Donahue
et al., 2017), geometry (Dosovitskiy et al., 2016; Gidaris et al., 2018) and counting (Noroozi et al.,
2017). The idea is that the pretext task can be constructed automatically and easily on images alone.
Thus, methods often modify information in the images and require the network to recover them. In-
painting or colorization techniques fall in this category. However these methods have the downside
that the features are learned on modified images which potentially harms the generalization to un-
modified ones. For example, colorization uses a gray scale image as input, thus the network cannot
learn to extract color information, which can be important for other tasks.

Slightly less related are methods that use additional information to learn features. Here, often
temporal information is used in the form of videos. Typical pretext tasks are based on temporal-
context (Misra et al., 2016; Wei et al,, 2018; Lee et al., 2017; Sermanet et al., 2018), spatio-temporal

"Example applications that only rely on low-level feature extractors include template matching (Kat et al.,
2018; Talmi et al.,, 2017) and style transfer (Gatys et al., 2016; Johnson et al., 2016), which currently rely on
pre-training with millions of images.
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cues ( s ; s ; , ), foreground-background segmentation
via video segmentation ( s ), optical-flow ( , ; s ),
future-frame synthesis ( , ), audio prediction from video ( , ;
, ), audio-video alignment ( s ), ego-motion estimation (
, ), slow feature analysis with higher order temporal coherence (
, ), transformation between frames ( s ) and patch tracking
in videos ( s ). Since we are interested in learning features from as little data as
one image, we cannot make use of methods that rely on video input.

Our contribution inspects three unsupervised feature learning methods that use very different means
of extracting information from the data: BiGAN ( , ) utilizes a generative adver-
sarial task, RotNet ( , ) exploits the photographic bias in the dataset and DeepClus-
ter ( , ) learns stable feature representations under a number of image transformations
by proxy labels obtained from clustering. These are described in more detail in the Methods section.

Learning from a single sample: In some applications of computer vision, the bold idea of learn-
ing from a single sample comes out of necessity. For general object tracking, methods such as

max margin correlation filters ( , ) learn robust tracking templates from a single
sample of the patch. A single image can also be used to learn and interpolate multi-scale textures
with a GAN framework ( , ). Single sample learning was pursued by the
semi-parametric exemplar SVM model ( , ). They learn one SVM per positive

sample separating it from all negative patches mined from the background. While only one sam-
ple is used for the positive set, the negative set consists of thousands of images and is a necessary
component of their method. The negative space was approximated by a multi-dimensional Gaussian
by the Exemplar LDA ( , ). These SVMs, one per positive sample, are pooled
together using a max aggregation. We differ from both of these approaches in that we do not use a
large collection of negative images to train our model. Instead we restrict ourselves to a single or a
few images with a systematic augmentation strategy.

Classical learned and hand-crafted low-level feature extractors: Learning and hand-crafting
features pre-dates modern deep learning approaches and self-supervision techniques. For example
the classical work of ( s ) shows that edge-like filters can be learned via
sparse coding of just 10 natural scene images. SIFT ( , ) and HOG ( , )
have been used extensively before the advent of convolutional neural networks and, in many ways,
they resemble the first layers of these networks. The scatter transform of ( );

( ) is an handcrafted design that aims at replacing at least the first few layers of
a deep network. While these results show that effective low-level features can be handcrafted, this
is insufficient to clarify the power and limitation of self-supervision in deep networks. For instance,
it is not obvious whether deep networks can learn better low level features than these, how many
images may be required to learn them, and how effective self-supervision may be in doing so. For
instance, as we also show in the experiments, replacing low-level layers in a convolutional networks
with handcrafted features such as ( ) may still decrease the overall performance
of the model. Furthermore, this says little about deeper layers, which we also investigate.

In this work we show that current deep learning methods learn slightly better low-level representa-
tions than hand crafted features such as the scattering transform. Additionally, these representations
can be learned from one single image with augmentations and without supervision. The results
show how current self-supervised learning approaches that use one million images yield only rel-
atively small gains when compared to what can be achieved from one image and augmentations,
and motivates a renewed focus on augmentations and incorporating prior knowledge into feature
extractors.

3 METHODS

We discuss first our data and data augmentation strategy (section 3.1) and then we summarize the
three different methods for unsupervised feature learning used in the experiments (section 3.2).
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3.1 DATA

Our goal is to understand the performance of representation learning methods as a function of the
image data used to train them. To make comparisons as fair as possible, we develop a protocol where
only the nature of the training data is changed, but all other parameters remain fixed.

In order to do so, given a baseline method trained on d source images, we replace those with another
set of d images. Of these, now only N< d are source images (i.e. i.i.d. samples), while the remaining
d— N are augmentations of the source ones. Thus, the amount of information in the training data is
controlled by NV and we can generate a continuum of datasets that vary from one extreme, utilizing
a single source image IV =1, to the other extreme, using all N =d original training set images. For
example, if the baseline method is trained on ImageNet, then d=1,281,167. When N =1, it means
that we train the method using a single source image and generate the remaining 1,281,166 images
via augmentation. Other baselines use CIFAR-10/100 images, so in those cases d = 50,000 instead.

The data augmentation protocol, is an extreme version of augmentations already employed by most
deep learning protocols. Each method we test, in fact, already performs some data augmentation
internally. Thus, when the method is applied on our augmented data, this can be equivalently thought
of as incrementing these “native” augmentations by concatenating them with our own.

Choice of augmentations. Next, we describe how the IV source images are expanded to additional
d— N images so that the models can be trained on exactly d images, independent from the choice of
N. The idea is to use an aggressive form of data augmentation involving cropping, scaling, rotation,
contrast changes, and adding noise. These transformations are representative of invariances that one
may wish to incorporate in the features. Augmentation can be seen as imposing a prior on how we
expect the manifold of natural images to look like. When training with very few images, these priors
become more important since the model cannot extract them directly from data.

Given a source image of size size H x W, we first extract a certain number of random patches of size
(w, h), where w < W and h < H satisfy the additional constraints 3 < V;”—};I and v < % <~ L
Thus, the smallest size of the crops is limited to be at least SWH and at most the whole image.

Additionally, changes to the aspect ratio are limited by . In practice we use 8 = 1072 and y = %.

Second, good features should not change much by small image rotations, so images are rotated

(before cropping to avoid border artifacts) by a € (—35, 35) degrees. Due to symmetry in image
statistics, images are also flipped left-to-right with 50% probability.

Illumination changes are common in natural images, we thus expect image features to be robust to
color and contrast changes. Thus, we employ a set of linear transformations in RGB space to model
this variability in real data. Additionally, the color/intensity of single pixels should not affect the
feature representation, as this does not change the contents of the image. To this end, color jitter
with additive brightness, contrast and saturation are sampled from three uniform distributions in
(0.6,1.4) and hue noise from (—0.1,0.1) is applied to the image patches. Finally, the cropped and
transformed patches are scaled to the color range (—1, 1) and then rescaled to full S x S resolution
to be supplied to each representation learning method, using bilinear interpolation. This formulation
ensures that the patches are created in the target resolution S, independent from the size and aspect
ratio W, H of the source image.

Real samples. The images used for the N =1 and /N =10 experiments are shown in Figure 1 and
the appendix respectively (this is all the training data used in such experiments). For the special case
of using a single training image, i.e. /N =1, we have chosen one photographic (2560x1920) and one
drawn image (600 x 225), which we call Image A and Image B, respectively. The two images were
manually selected as they contain rich texture and are diverse, but their choice was not optimized
for performance. We test only two images due to the cost of running a full set of experiments (each
image is expanded up to 1.2M times for training some of the models, as explained above). However,
this is sufficient to prove our main points. We also test another (1165 x 585) Image C to ablate the
“crowdedness” of an image, as this latter contains large areas covering no objects. While resolution
matters to some extent as a bigger image contains more pixels, the information within is still far
more correlated, and thus more redundant than sampling several smaller images. In particular, the
resolution difference in Image A and B appears to be negligible in our experiments. For CIFAR-10,
where .S =32 we only use Image B due to the resolution difference. In direct comparison, Image B
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is the size of about 132 CIFAR images which is still much less than d = 50,000. For N > 1, we
select the source images randomly from each method’s training set.

3.2 REPRESENTATION LEARNING METHODS

Generative models. Generative Adversarial Networks (GANS) ( , ) learn to
generate images using an adversarial objective: a generator network maps noise samples to image
samples, approximating a target image distribution and a discriminator network is tasked with dis-
tinguishing generated and real samples. Generator and discriminator are pitched one against the
other and learned together; when an equilibrium is reached, the generator produces images indistin-
guishable (at least from the viewpoint of the discriminator) from real ones.

Bidirectional Generative Adversarial Networks (BiGAN) ( s ; s

) are an extension of GANs designed to learn a useful image representation as an approximate
inverse of the generator through joint inference on an encoding and the image. This method’s na-
tive augmentation uses random crops and random horizontal flips to learn features from S = 128
sized images. As opposed to the other two methods discussed below it employs leaky ReL U non-
linearities as is typical in GAN discriminators.

Rotation. Most image datasets contain pictures that are ‘upright’ as this is how humans prefer to
take and look at them. This photographer bias can be understood as a form of implicit data labelling.
RotNet ( , ) exploits this by tasking a network with predicting the upright direction
of a picture after applying to it a random rotation multiple of 90 degrees (in practice this is formulated
as a 4-way classification problem). The authors reason that the concept of ‘upright’ requires learning
high level concepts in the image and hence this method is not vulnerable to exploiting low-level
visual information, encouraging the network to learn more abstract features. In our experiments,
we test this hypothesis by learning from impoverished datasets that may lack the photographer bias.
The native augmentations that RotNet uses on the S'= 256 inputs only comprise horizontal flips and
non-scaled random crops to 224 x 224.

Clustering. DeepCluster ( , ) is a recent state-of-the-art unsupervised represen-
tation learning method. This approach alternates k-means clustering to produce pseudo-labels for
the data and feature learning to fit the representation to these labels. The authors attribute the suc-
cess of the method to the prior knowledge ingrained in the structure of the convolutional neural
network ( s

The method alternatives between a clustering step, in which k-means is applied on the PCA-reduced
features with k = 10%, and a learning step, in which the network is trained to predict the cluster
ID for each image under a set of augmentations (random resized crops with 8 = 0.08,~ = % and
horizontal flips) that constitute its native augmentations used on top of the S =256 input images.

4 EXPERIMENTS

We evaluate the representation learning methods on ImageNet and CIFAR-10/100 using linear
probes (Section 4.1). After ablating various choices of transformations in our augmentation pro-
tocol (Section 4.2), we move to the core question of the paper: whether a large dataset is beneficial
to unsupervised learning, especially for learning early convolutional features (Section 4.3).

4.1 LINEAR PROBES AND BASELINE ARCHITECTURE

In order to quantify if a neural network has learned useful feature representations, we follow the
standard approach of using linear probes ( , ). This amounts to solving a difficult
task such as ImageNet classification by training a linear classifier on top of pre-trained feature rep-
resentations, which are kept fixed. Linear classifiers heavily rely on the quality of the representation
since their discriminative power is low.

We apply linear probes to all intermediate convolutional layers of networks and train on the Ima-

geNet LSVRC-12 ( , ) and CIFAR-10/100 ( R ) datasets, which are
the standard benchmarks for evaluation in self-supervised learning. Our base encoder architecture is
AlexNet ( , ) with BatchNorm, since this is a good representative model and is

most often used in other unsupervised learning work for the purpose of benchmarking. This model
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CIFAR-10 Table 1: Ablating data augmentation using
convl conv2 conv3 convi MonoGAN (left). Training a linear classifier
(a) Fully sup. 66.5 70.1 724 759 on the features extracted at different depths
(b) Random feat. 57.8 555 542  47.3  of the network for CIFAR-10.
(c) No aug. 57.9 56.2 54.2 47.8
) Rotrion 8o 380 510 98 Tuple 2: ImageNet LSVRC-12 linear prob-
(f) Scale 679 693 679  59.1 ing evaluation (below). A linear classifier is

(2) Rot. & jitter 619 636 610 534 trained on t.he (downsarppled) activations of
(h) Rot. & scale 67.6 699 680 607  ¢ach layer in the pretrained model. We re-
(i) Jitter & scale  68.1 71.3 69.5 62.4  port classification accuracy averaged over 10

Q) Al 68.1 723 708 635 crops. The ¥ indicated that numbers are taken
from ( R ).
ILSVRC-12

Method, Reference #images convl conv2 conv3 conv4d convbh
(a)  Full-supervision* 1,281,167 19.3 36.3 44.2 48.3 50.5
b)) ( s ): Scattering 0 - 18.9 - - -
(¢) Random* 0 11.6 17.1 16.9 16.3 14.1
@ ( , ):k-means* ~160 17.5 23.0 24.5 23.2 20.6
) ( , ): BIGAN# 1,281,167 17.7 24.5 31.0 29.9 28.0
(f) mono, Image A 1 20.4 30.9 33.4 28.4 16.0
(2) mono, Image B 1 20.5 30.4 31.6 27.0 16.8
(h) deka 10 16.2 16.5 16.5 13.1 7.5
@) kilo 1,000 16.1 17.7 18.3 17.6 13.5
Gy ( , ): RotNet 1,281,167 18.8 31.7 38.7 38.2 36.5
(k) mono, Image A 1 19.9 30.2 30.6 27.6 21.9
@ mono, Image B 1 17.8 27.6 27.9 25.4 20.2
(m) deka 10 19.6 30.7 32.6 28.9 22.6
(n) kilo 1,000 21.0 33.5 36.5 34.0 29.4
(o) ( , ): DeepCluster 1,281,167 18.0 32.5 39.2 37.2 30.6
p) mono, Image A 1 20.7 31.5 32.5 28.5 21.0
() mono, Image B 1 19.7 30.1 31.6 28.5 20.4
(1) mono, Image C 1 18.9 29.2 31.5 28.9 23.5
(s) deka 10 18.5 29.0 31.1 28.2 21.9
() kilo 1,000 19.5 29.8 33.0 31.7 26.8

Table 3: CIFAR-10/100. Accuracy of linear classifiers on different network layers.

Dataset CIFAR-10 CIFAR-100
Model convl conv2 conv3 conv4 convl conv2 conv3 convi
Fully supervised 66.5 70.1 72.4 75.9 38.7 43.6 444 46.5
Random 57.8 55.5 54.2 47.3 30.9 29.8 28.6 24.1
RotNet 64.4 65.6 65.6 59.1 36.0 35.9 34.2 25.8

GAN (CIFAR-10) 67.7 73.0 72.5 69.2 39.6 46.0 45.1 39.9
GAN (CIFAR-100) - - - - 38.1 42.2 44.0 46.6
MonoGAN 68.1 72.3 70.8 63.5 39.9 46.9 44.5 38.8

has five convolutional blocks (each comprising a linear convolution later followed by ReLU and
optionally max pooling). We insert the probes right after the ReL.U layer in each block, and denote
these entry points convl to conv5. Applying the linear probes at each convolutional layer allows
studying the quality of the representation learned at different depths of the network.

Details. While linear probes are conceptually straightforward, there are several technical details
that affect the final accuracy by a few percentage points. Unfortunately, prior work has used several
slightly different setups, so that comparing results of different publications must be done with cau-
tion. To make matters more difficult, not all papers released evaluation source code. We prove this
standardized testing code here?.

https://github.com/yukimasano/linear—probes
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In our implementation, we follow the original proposal ( , ) in pooling each rep-
resentation to a vector with 9600, 9216, 9600, 9600, 9216 dimensions for conv1-5 using adaptive
max-pooling, and absorb the batch normalization weights into the preceding convolutions. For eval-
uation on ImageNet we follow RotNet to train linear probes: images are resized such that the shorter
edge has a length of 256 pixels, random crops of 224 x 224 are computed and flipped horizontally
with 50% probability. Learning lasts for 36 epochs and the learning rate schedule starts from 0.01
and is divided by five at epochs 5, 15 and 25. The top-1 accuracy of the linear classifier is then
measured on the ImageNet validation subset. This uses DeepCluster’s protocol, extracting 10 crops
for each validation image (four at the corners and one at the center along with their horizontal flips)
and averaging the prediction scores before the accuracy is computed. For CIFAR-10/100 data, we
follow the same learning rate schedule and for both training and evaluation we do not reduce the
dimensionality of the representations and keep the images’ original size of 32 x 32.

4.2 EFFECT OF AUGMENTATIONS

In order to better understand which image transformations are important to learn a good feature
representations, we analyze the impact of augmentation settings. For speed, these experiments are
conducted using the CIFAR-10 images (d = 50, 000 in the training set) and with the smaller source
Image B and a GAN using the Wasserstein GAN formulation with gradient penalty (

). The encoder is a smaller AlexNet-like CNN consisting of four convolutional layers (kernel
sizes: 7,5,3,3; strides: 3,2, 2, 1) followed by a single fully connected layer as the discriminator.
Given that the GAN is trained on a single image (w/ augmentations), we call this setting MonoGAN.

Table 1 reports all 22 combinations of the three main augmentations (scale, rotation, and jitter) and
a randomly initialized network baseline (see Table 1 (b)) using the linear probes protocol discussed
above. Without data augmentation the model only achieves marginally better performance than the
random network (which also achieves a non- neghglble level of performance (

, )). This is understandable since the dataset literally consists of a single trarnmg
image cloned d times. Color jitter and rotation slightly improve the performance of all probes by 1-
2% points, but random rescaling adds at least ten points at every depth (see Table 1 (f,h,i)) and is the
most important single augmentation. A similar conclusion can be drawn when two augmentations
are combined, although there are diminishing returns as more augmentations are combined. Overall,
we find all three types of augmentations are of importance when training in the ultra-low data setting.

4.3 BENCHMARK EVALUATION

We analyze how performance varies as a function N, the number of actual samples that are used to
generated the augmented datasets, and compare it to the gold-standard setup (in terms of choice of
training data) defined in the papers that introduced each method. The evaluation is again based on
linear probes (Section 4.1).

Mono is enough. From Table 2 we make the following observations. Training with just a single
source image (f,g,k,1,p,q) is much better than random initialization (c) for all layers. Notably, these
models also outperform Gabor-like filters from Scattering networks ( . ), which
are hand crafted image features, replacmg the first two convolutional layers as in (

). Using the same protocol as in the paper, this only achieves an accuracy of 18.9% compared
to (p)’s conv2 > 30%.

More importantly, when comparing within pretext task, even with one image we are able to improve
the quality of convl-conv3 features compared to full (unsupervised) ImageNet training for GAN
based self-supervision (e-i). For the other methods (j-n, o-s) we reach and also surpass the perfor-
mance for the first layer and are within 1.5% points for the second. Given that the best unsupervised
performance for conv2 is 32.5, our method using a single source Image A (Table 2, p) is remarkably
close with 31.5.

Image contents. While we surpass the GAN based approach of ( , ) for both
single source images, we find more nuanced results for the other two methods: For RotNet, as ex-
pected, the photographic bias cannot be extracted from a single image. Thus its performance is
low with little training data and increases together with the number of images (Table 2, j-n). When
comparing Image A and B trained networks for RotNet, we find that the photograph yields better
performance than the hand drawn animal image. This indicates that the method can extract rotation
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Method, Image A Method, Image B
BiGAN RotNet DeepCluster BiGAN RotNet DeepCluster

20.5

Figure 2: conv1 filters trained using a single image. The 96 learned (3 x 11 x 11) filters for the
first layer of AlexNet are shown for each single training image and method along with their linear
classifier performance. For visualization, each filter is normalized to be in the range of (—1,1).

information from low level image features such as patches which is at first counter intuitive. Con-
sidering that the hand-drawn image does not work well, we can assume that lighting and shadows
even in small patches can indeed give important cues on the up direction which can be learned even
from a single (real) image. DeepCluster shows poor performance in conv1 which we can improve
upon in the single image setting (Table 2, o-r). Naturally, the image content matters: a trivial image
without any image gradient (e.g. picture of a white wall) would not provide enough signal for any
method. To better understand this issue, we also train DeepCluster on the much less cluttered Im-
age C to analyze how much the image influences our claims. We find that even though this image
contains large parts of sky and sea, the performance is only slightly lower than that of Image A.
This finding indicates that the augmentations can even compensate for large untextured areas and
the exact choice of image is not critical.

More than one image. While BiGAN fails to converge for NV € {10,1000}, most likely due to is-
sues in learning from a distribution which is neither whole images nor only patches, we find that both
RotNet and DeepCluster improve their performance in deeper layers when increasing the number
of training images. However, for conv1 and conv2, a single image is enough. In deeper layers,
DeepCluster seems to require large amounts of source images to yield the reported results as the
deka- and kilo- variants start improving over the single image case (Table 2, o-t). This need for data
also explains the gap between the two input images which have different resolutions. Summarizing
Table 2, we can conclude that learning convl, conv2 and for the most part conv3 (33.4 vs. 39.4)
on over 1M images does not yield a significant performance increase over using one single training
image — a highly unexpected result.

Generalization. In Table 3, we show the results of training linear classifiers for the CIFAR-10
dataset and compare against various baselines. We find that the GAN trained on the smaller Image B
outperforms all other methods including the fully-supervised trained one for the first convolutional
layer. We also outperform the same architecture trained on the full CIFAR-10 training set using
RotNet, which might be due to the fact that either CIFAR images do not contain much information
about the orientation of the picture or because they do not contain as many objects as in ImageNet.
While the GAN trained on the whole dataset outperforms the MonoGAN on the deeper layers, the
gap stays very small until the last layer. These findings are also reflected in the experiments on the
CIFAR-100 dataset shown in Table 3. We find that our method obtains the best performance for the
first two layers, even against the fully supervised version. The gap between our mono variant and the
other methods increases again with deeper layers, hinting to the fact that we cannot learn very high
level concepts in deeper layers from just one single image. These results corroborate the finding that
our method allows learning very generalizable early features that are not domain dependent.

4.4 QUALITATIVE ANALYSIS

Visual comparison of weights. In Figure 2, we compare the learned filters of all first-layer con-
volutions of an AlexNet trained with the different methods and a single image. First, we find that
the filters closely resemble those obtained via supervised training: Gabor-like edge detectors and
various color blobs. Second, we find that the look is not easily predictive of its performance, e.g.
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while generatively learned filters (BiGAN) show many edge detectors, its linear probes performance
is about the same as that of DeepCluster which seems to learn many somewhat redundant point fea-
tures. However, we also find that some edge detectors are required, as we can confirm from RotNet
and DeepCluster trained on Image B, which yield less crisp filters and worse performances.

Table 4: Finetuning experiments The pre-
trained model’s first two convolutions are left syle  Content_ O s P e
frozen (or replaced by the Scattering trans- —| = : :
form) and the nework is retrained using Ima-
geNet LSVRC-12 training set.

Top-1
Full sup. 59.4
Random 42.6
Scattering 49.2 = g 9 e
: Figure 3: Style transfer with single-image pre-
BiGAN, A 514 training. We show two style transfer results us-
RotNet, A 49.5

ing the Image A trained BIGAN and the ImageNet

DeepCluster 2 52.5 pretrained AlexNet.

Fine-tuning instead of freezing. In Tab. 4, we show the results of retraining a network with the
first two convolutional filters, or the scattering transform from (Oyallon et al., 2017), left frozen.
We observe that our single image trained DeepCluster and BiGAN models achieve performances
closes to the supervised benchmark. Notably, the scattering transform as a replacement for conv1-2
performs slightly worse than the analyzed single image methods. We also show in the appendix
the results of retraining a network initialized with the first two convolutional layers obtained from
a single image and subsequently linearly probing the model. The results are shown in Appendix
Tab. 5 and we find that we can recover the performance of fully-supervised networks, i.e. the first
two convolutional filters trained from just a single image generalize well and do not get stuck in an
image specific minimum.

Neural style transfer. Lastly, we show how our features trained on only a single image can be
used for other applications. In Figure 3 we show two basic style transfers using the method of
(Gatys et al., 2016) from an official PyTorch tutorial®. Image content and style are separated and
the style is transferred from the source to target image using all CNN features, not just the shallow
layers. We visually compare the results of using our features and from full ImageNet supervision.
We find almost no visual differences in the stylized images and can conclude that our early features
are equally powerful as fully supervised ones for this task.

5 CONCLUSIONS

We have made the surprising observation that we can learn good and generalizable features through
self-supervision from one single source image, provided that sufficient data augmentation is used.
Our results complement recent works (Mahajan et al., 2018; Goyal et al., 2019) that have investigated
self-supervision in the very large data regime. Our main conclusion is that these methods succeed
perfectly in capturing the simplest image statistics, but that for deeper layers a gap exist with strong
supervision which is compensated only in limited manner by using large datasets. This novel finding
motivates a renewed focus on the role of augmentations in self-supervised learning and critical
rethinking of how to better leverage the available data.
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A APPENDIX

A.1 IMAGENET TRAINING IMAGES

i, B
¥ iy
o

The images used for the N =10 experiments are shown in fig. 4.

A.2 VISUAL COMPARISON OF FILTERS
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Figure 5: Filter visualization. We show activation ma
tivated images from the training set of ImageNet (right) for four random non-cherrypicked target
filters. From top to bottom: conv1-5 of the BiGAN trained on a single image A. The filter visual-
ization is obtained by learning a (regularized) input image that maximizes the response to the target
filter using the library Lucid (Olah et al., 2018).

In order to understand what deeper neurons are responding to in our model, we visualize random
neurons via activation maximization (Erhan et al., 2009; Zeiler & Fergus, 2014) in each layer. Ad-
ditionally, we retrieve the top-9 images in the ImageNet training set that activate each neuron most
in Figure 5. Since the mono networks are not trained on the ImageNet dataset, it can be used here
for visualization. From the first convolutional layer we find typical neurons strongly reacting to
oriented edges. In layers 2-4 we find patterns such as grids (conv2:3), and textures such as leop-
ard skin (conv2:2) and round grid cover (conv4:4). Confirming our hypothesis that the neural
network is only extracting patterns and not semantic information, we do not find any neurons partic-
ularly specialized to certain objects even in higher levels as for example dog faces or similar which
can be fund in supervised networks. This finding aligns with the observations of other unsuper-
vised methods (Caron et al., 2018; Zhang et al., 2017). As most neurons extract simple patterns and
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Table 5: Finetuning experiments Models are initialized using convl and conv2 from various sin-
gle image trained models and the whole network is fine-tuned using ImageNet LSVRC-12 training
set. Accuracy is averaged over 10 crops.

cl c2 c¢c3 c4 c5
Full sup. 19.3 36.3 44.2 48.3 50.5

BiGAN, A 22.5 37.6 44.2 47.6 48.3
RotNet, A 22.0 38.2 44.8 49.2 51.8
DeepCluster, A 21.8 35.9 43.6 48.8 50.4

textures, the surprising effectiveness of training a network using a single image can be explained
by the recent finding that even CNNs trained on ImageNet rely on texture (as opposed to shape)
information to classify (Geirhos et al., 2019).

A.3 RETRAINING FROM SINGLE IMAGE INITIALIZATION

In Table 5, we initialize AlexNet models using the first two convolutional filters learned from a
single image and retrain them using ImageNet. We find that the networks recover their performance
fully and the first filters do not make the network stuck in a bad local minimum despite having been
trained on a single image from a different distribution. The difference from the BiGAN to the full
supervision model is likely due to it using a smaller input resolution (112 instead of 224), as the
BiGAN’s output resolution is limited.

A.4 LINEAR PROBES ON IMAGENET

We show two plots of the ImageNet linear probes results (Table 2 of the paper) in fig. 6. On the left
we plot performance per layer in absolute scale. Naturally the performance of the supervised model
improves with depth, while all unsupervised models degrade after conv3. From the relative plot
on the right, it becomes clear that with our training scheme, we can even slightly surpass supervised
performance on convl presumably since our model is trained with sometimes very small patches,
thus receiving an emphasis on learning good low level filters. The gap between all self-supervised
methods and the supervised baseline increases with depth, due to the fact that the supervised model is
trained for this specific task, whereas the self-supervised models learn from a surrogate task without
labels.

Linear Classifier on ImageNet

501 =3 Supervised M
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o
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Figure 6: Linear Classifiers on ImageNet. Classification accuracies of linear classifiers trained on
the representations from Table 2 are shown in absolute scale.

A.5 EXAMPLE AUGMENTED TRAINING DATA

In figs. 7 to 10 we show example patches generated by our augmentation strategy for the datasets
with different N. Even though the images and patches are very different in color and shape distribu-
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tion, our model learns weights that perform similarly in the linear probes benchmark (see Table 2 in
the paper).

16



Published as a conference paper at ICLR 2020

| =)
Flgure 10: Example crops of kllo (N = 1000) dataset. 50 samples were selected randomly
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AND REPRESENTATION LEARNING
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ABSTRACT

Combining clustering and representation learning is one of the most promising
approaches for unsupervised learning of deep neural networks. However, doing
so naively leads to ill posed learning problems with degenerate solutions. In this
paper, we propose a novel and principled learning formulation that addresses
these issues. The method is obtained by maximizing the information between
labels and input data indices. We show that this criterion extends standard cross-
entropy minimization to an optimal transport problem, which we solve efficiently
for millions of input images and thousands of labels using a fast variant of the
Sinkhorn-Knopp algorithm. The resulting method is able to self-label visual data
so as to train highly competitive image representations without manual labels. Our
method achieves state of the art representation learning performance for AlexNet
and ResNet-50 on SVHN, CIFAR-10, CIFAR-100 and ImageNet and yields the
first self-supervised AlexNet that outperforms the supervised Pascal VOC detection
baseline. Code and models are available'.

1 INTRODUCTION

Learning from unlabelled data can dramatically reduce the cost of deploying machine learning
algorithms to new applications, thus amplifying their impact in the real world. Self-supervision is an
increasingly popular framework for learning without labels. The idea is to define pretext learning
tasks that can be constructed from raw data alone, but that still result in neural networks that transfer
well to useful applications.

Much of the research in self-supervision has focused on designing new pretext tasks. However,
given supervised data such as ImageNet ( , ), the standard classification objective of
minimizing the cross-entropy loss still results in better or at least as good pre-training than any of
such methods (for a given amount of data and for a given model complexity). This suggests that
the task of classification is sufficient for pre-training networks, provided that suitable data labels
are available. In this paper, we thus focus on the problem of obtaining the labels automatically by
designing a self-labelling algorithm.

Learning a deep neural network together while discovering the data labels can be viewed as simultane-
ous clustering and representation learning. The latter can be approached by combining cross-entropy
minimization with an off-the-shelf clustering algorithm such as K-means. This is precisely the
approach adopted by the recent DeepCluster method ( , ), which achieves excellent
results in unsupervised representation learning. However, combining representation learning, which
is a discriminative task, with clustering is not at all trivial. In particular, we show that the combination
of cross-entropy minimization and K-means as adopted by DeepCluster cannot be described as
the optimization of an overall learning objective; instead, there exist degenerate solutions that the
algorithm avoids via particular implementation choices.

In order to address this technical shortcoming, in this paper, we contribute a new principled formula-
tion for simultaneous clustering and representation learning. The starting point is to minimize a single
loss, the cross-entropy loss, for learning the deep network and for estimating the data labels. This

]https://github.com/yukimasano/selfflabel
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is often done in semi-supervised learning and multiple instance learning. However, when applied
naively to the unsupervised case, it immediately leads to a degenerate solution where all data points
are mapped to the same cluster.

We solve this issue by adding the constraint that the labels must induce an equipartition of the data,
which we show maximizes the information between data indices and labels. We also show that the
resulting label assignment problem is the same as optimal transport, and can therefore be solved in
polynomial time by linear programming. However, since we want to scale the algorithm to millions of
data points and thousands of labels, standard transport solvers are inadequate. Thus, we also propose
to use a fast version of the Sinkhorn-Knopp algorithm for finding an approximate solution to the
transport problem efficiently at scale, using fast matrix-vector algebra.

Compared to methods such as DeepCluster, the new formulation is more principled and allows
to more easily demonstrate properties of the method such as convergence. Most importantly, via
extensive experimentation, we show that our new approach leads to significantly superior results
than DeepCluster, achieving the new state of the art for representation learning approaches In
fact, the method’s performance surpasses others that use a single type of supervisory s1gna1 for
self-supervision, and is on par or better than very recent contributions as well ( , ;

’ 5 s s H )

2 RELATED WORK

Our paper relates to two broad areas of research: (a) self-supervised representation learning, and (b)
more specifically, training a deep neural network using pseudo-labels, i.e. the assignment of a label
to each image. We discuss closely related works for each.

Self-supervised learning: A wide variety of methods that do not require manual annotations have
been proposed for the self-training of deep convolutional neural networks. These methods use

various cues and proxy tasks namely, in-painting ( , ), patch context and jigsaw
puzzles ( s ; R ; s ; R

), clustering ( , ; , ; , ; , ),
noise-as-targets ( , ), colorization ( , ; , ),
generation ( s : ; s

), geometry ( , ), predictlng transformatlons (

, ) and counting ( s ). Most recently, contrastive methods have shown
great performance gains, ( ; s ; ; s )
by leveraging augmentation and adequate losses In ( , ), predicting rotation (

s ) is combined with instance retrieval ( R ) and multiple tasks are combined in
( , )-

Pseudo-labels for images In the self-supervised domaln we find a spectrum of methods that either
give each data point a unique label ( s ; s ) or train on a flexible
number of labels with K -means ( R ), with mutual information ( , ) or with
noise ( s ). In ( , ) a large network is trained with a pretext

task and a smaller network is trained via knowledge transfer of the clustered data. Finally, (
; , ) use convex relaxations to regularized affine-transformation invariant
linear clustering, but can not scale to larger datasets.

Our contribution is a simple method that combines a novel pseudo-label extraction procedure from
raw data alone and the training of a deep neural network using a standard cross-entropy loss.
3  METHOD

We will first derive our self-labelling method, then interpret the method as optimizing labels and
targets of a cross-entropy loss and finally analyze similarities and differences with other clustering-
based methods.

3.1 SELF-LABELLING

Neural network pre-training is often achieved via a supervised data classification task. Formally,
consider a deep neural network & = ®(I) mapping data I (e.g. images) to feature vectors x € R”
The model is trained using a dataset (e.g. ImageNet) of N data points I1, ..., I with corresponding
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labels y1,...,yn € {1,..., K}, drawn from a space of K possible labels. The representation is
followed by a classification head h : RP — R usually consisting of a single linear layer, converting
the feature vector into a vector of class scores. The class scores are mapped to class probabilities via
the softmax operator:

p(y = -|x;) = softmax(h o ®(x;)).

The model and head parameters are learned by minimizing the average cross-entropy loss

N
1
E(ply1,....yn) = N E log p(yile;). )
=1

Training with objective (1) requires a labelled dataset. When labels are unavailable, we require a
self-labelling mechanism to assign the labels automatically.

In semi-supervised learning, self-labelling is often achieved by jointly optimizing (1) with respect
to the model i o ® and the labels y1, . .., yx. This can work if at least part of the labels are known,
thus constraining the optimization. However, in the fully unsupervised case, it leads to a degenerate
solution: eq. (1) is trivially minimized by assigning all data points to a single (arbitrary) label.

To address this issue, we first rewrite eq. (1) by encoding the labels as posterior distributions ¢(y|x;):

1 N K
E(p.q) = =5 D_ > alyla:) log p(yl:). )

=1 y=1

If we set the posterior distributions ¢(y|x;) = §(y—y;) to be deterministic, the formulations in eqgs. (1)
and (2) are equivalent, in the sense that E(p, ¢) = E(p|y1, ..., yn~). In this case, optimizing ¢ is the
same as reassigning the labels, which leads to the degeneracy. To avoid this, we add the constraint
that the label assignments must partition the data in equally-sized subsets. Formally, the learning
objective objective? is thus:

N
. . N
min E(p,q) subjectto Yy :q(y|x;) € {0,1} and Zq(y\a;l) =% 3)
’ i=1
The constraints mean that each data point x; is assigned to exactly one label and that, overall, the N
data points are split uniformly among the K classes.

The objective in eq. (3) is combinatorial in ¢ and thus may appear very difficult to optimize. However,
this is an instance of the optimal transport problem, which can be solved relatively efficiently. In order
to see this more clearly, let Py, = p(y|m,;)% be the K x N matrix of joint probabilities estimated by
the model. Likewise, let Qy; = ¢(y|#;)+ be K x N matrix of assigned joint probabilities. Using
the notation of ( , ), we relax matrix () to be an element of the transportation polytope

Ur,e) ={Q e RN |Ql=r, Q"1 =c}. 4)

Here 1 are vectors of all ones of the appropriate dimensions, so that r and c are the marginal
projections of matrix (Q onto its rows and columns, respectively. In our case, we require () to be a
matrix of conditional probability distributions that split the data uniformly, which is captured by:

1 1

:—~]1 :*]1
r K , C N

With this notation, we can rewrite the objective function in eq. (3), up to a constant shift, as

E(p,q) +1og N = (Q, —log P), (5)

where (-) is the Frobenius dot-product between two matrices and log is applied element-wise. Hence
optimizing eq. (3) with respect to the assignments () is equivalent to solving the problem:

min ,—log P). 6
QEUW)@ g P) ©)

2We assume for simplicity that K divides N exactly, but the formulation is easily extended to any N > K
by setting the constraints to either | N/K | or [ N/K | + 1, in order to assure that there is a feasible solution.
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This is a linear program, and can thus be solved in polynomial time. Furthermore, solving this
problem always leads to an integral solution despite having relaxed () to the continuous polytope
U(r, c), guaranteeing the exact equivalence to the original problem.

In practice, however, the resulting linear program is large, involving millions of data points and
thousands of classes. Traditional algorithms to solve the transport problem scale badly to instances
of this size. We address this issue by adopting a fast version ( , ) of the Sinkhorn-Knopp
algorithm. This amounts to introducing a regularization term

1
Qg]i(r;c)@, —log P) + ¢ KL(Q|lrc"), O]

where KL is the Kullback-Leibler divergence and rc¢' can be interpreted as a K x N probability
matrix. The advantage of this regularization term is that the minimizer of eq. (7) can be written as:

Q = diag(a) P* diag(8) ®)
where exponentiation is meant element-wise and « and 3 are two vectors of scaling coefficients
chosen so that the resulting matrix () is also a probability matrix (see ( s ) for a derivation).

The vectors o and /3 can be obtained, as shown below, via a simple matrix scaling iteration.

For very large A, optimizing eq. (7) is of course equivalent to optimizing eq. (6), but even for
moderate values of A\ the two objectives tend to have approximately the same optimizer ( ,

). Choosing A trades off convergence speed with closeness to the original transport problem.
In our case, using a fixed A is appropriate as we are ultimately interested in the final clustering and
representation learning results, rather than in solving the transport problem exactly.

Our final algorithm’s core can be described as follows. We learn a model i o ® and a label assignment
matrix () by solving the optimization problem eq. (6) with respect to both (), which is a probability
matrix, and the model h o ®, which determines the predictions P,; = softmax, (h o ®(x;)). We do
so by alternating the following two steps:

Step 1: representation learning. Given the current label assignments (), the model is updated by
minimizing eq. (6) with respect to (the parameters of) h o ®. This is the same as training the model
using the common cross-entropy loss for classification.

Step 2: self-labelling. Given the current model i o ®, we compute the log probabilities P. Then,
we find @ using eq. (8) by iterating the updates ( , )

Yy :ay « [PA]° Vi: B < [l PN

Each update involves a single matrix-vector multiplication with complexity O (N K), so it is relatively
quick even for millions of data points and thousands of labels and so the cost of this method scales
linearly with the number of images N. In practice, convergence is reached within 2 minutes on
ImageNet when computed on a GPU. Also, note that the parameters v and 3 can be retained between
steps, thus allowing a warm start of Step 2.

3.2 INTERPRETATION

As shown above, the formulation in eq. (2) uses scaled versions of the probabilities. We can interpret
these by treating the data index ¢ as a random variable with uniform distribution p(i) = 1/N and
by rewriting the posteriors p(y|x;) = p(y|¢) and ¢(y|x;) = q(y|¢) as conditional distributions with
respect to the data index ¢ instead of the feature vector x;. With these changes, we can rewrite eq. (5)
as

N K
E(p,q) +log N ==Y > q(y,i)logply, i) = H(q,p), ©)
=1 y=1
which is the cross-entropy between the joint label-index distributions ¢(y, %) and p(y, 7). The mini-
mum of this quantity w.r.t. ¢ is obtained when p = ¢, in which case E(q, ¢) + log N reduces to the
entropy H,(y, ) of the random variables y and i. Additionally, since we assumed that ¢(i) = 1/N,
the marginal entropy H,(¢) = log NV is constant and, due to the equipartition condition ¢(y) = 1/K,
H,(y) = log K is also constant. Subtracting these two constants from the entropy yields:

n;inE(p, q)+log N = E(q,q)+log N = Hy(y,i) = Hq(y) +Hq(i) — I4(y, i) = const. — I4(y, 7).
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Thus we see that minimizing F(p, q) is the same as maximizing the mutual information between the
label y and the data index .

In our formulation, the maximization above is carried out under the equipartition constraint. We can
instead relax this constraint and directly maximize the information I(y, ). However, by rewriting
information as the difference I(y, i) = H(y) — H(y|¢), we see that the optimal solution is given by
H (yli) = 0, which states each data point 4 is associated to only one label deterministically, and by
H(y) = In K, which is another way of stating the equipartition condition.

In other words, our learning formulation can be interpreted as maximizing the information between
data indices and labels while explicitly enforcing the equipartition condition, which is implied by
maximizing the information in any case. Compared to minimizing the entropy alone, maximizing
information avoids degenerate solutions as the latter carry no mutual information between labels y
and indices 7. Similar considerations can be found in ( R ).

3.3 RELATION TO SIMULTANEOUS REPRESENTATION LEARNING AND CLUSTERING

In the discussion above, self-labelling amounts to assigning discrete labels to data and can thus be
interpreted as clustering. Most of the traditional clustering approaches are generative. For example,
K-means takes a dataset x1, . .., xy of vectors and partitions it into K classes in order to minimize
the reconstruction error

N
1
E(le--vﬂK»yl,uwyN):NEHM—N% 2 (10)
i=
where y; € {1,..., K} are the data-to-cluster assignments and p, are means approximating the

vectors in the corresponding clusters. The K -means energy can thus be interpreted as the average
data reconstruction error.

It is natural to ask whether a clustering method such as K-means, which is based on approximating
the input data, could be combined with representation learning, which uses a discriminative objective.
In this setting, the feature vectors @ = ®([) are extracted by the neural network ® from the input data
1. Unfortunately, optimizing a loss such as eq. (10) with respect to the clustering and representation
parameters is meaningless: in fact, the obvious solution is to let the representation send all the data
points to the same constant feature vector and setting all the means to coincide with it, in which case
the K -means reconstruction error is zero (and thus minimal).

Nevertheless, DeepCluster ( , ) does successfully combine K -means with represen-
tation learning. DeepCluster can be related to our approach as follows. Step 1 of the algorithm,
namely representation learning via cross-entropy minimization, is exactly the same. Step 2, namely
self-labelling, differs: where we solve an optimal transport problem to obtain the pseudo-labels, they
do so by running K -means on the feature vectors extracted by the neural network.

DeepCluster does have an obvious degenerate solution: we can assign all data points to the same
label and learn a constant representation, achieving simultaneously a minimum of the cross-entropy
loss in Step 1 and of the K-means loss in Step 2. The reason why DeepCluster avoids this pitfall is
due to the particular interaction between the two steps. First, during Step 2, the features x; are fixed
so K-means cannot pull them together. Instead, the means spread to cover the features as they are,
resulting in a balanced partitioning. Second, during the classification step, the cluster assignments ;
are fixed, and optimizing the features x; with respect to the cross-entropy loss tends to separate them.
Lastly, the method in ( , ) also uses other heuristics such as sampling the training data
inversely to their associated clusters’ size, leading to further regularization.

However, a downside of DeepCluster is that it does not have a single, well-defined objective to
optimize, which means that it is difficult to characterize its convergence properties. By contrast, in our
formulation, both Step 1 and Step 2 optimize the same objective, with the advantage that convergence
to a (local) optimum is guaranteed.

3.4 AUGMENTING SELF-LABELLING VIA DATA TRANSFORMATIONS

Methods such as DeepCluster extend the training data via augmentations. In vision problems, this
amounts to (heavily) distorting and cropping the input images at random. Augmentations are applied
so that the neural network is encouraged to learn a labelling function which is transformation invariant.
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In practice, this is crucial to learn good clusters and representations, so we adopt it here. This is
achieved by setting Py, = E[log softmax, h o ®(tx;)] where the transformations ¢ are sampled at
random. In practice, in Step 1 (representation learning), this is implemented via the application of the
random transformations to data batches during optimization via SGD, which is corresponds to the
usual data augmentation scheme for deep neural networks. As noted in ( , ), and as can
be noted by an analysis of recent publications ( ; , ;

, ), augmentation is critical for good performance

3.5 MULTIPLE SIMULTANEOUS SELF-LABELINGS

Intuitively, the same data can often be clustered in many equally good ways. For example, visual
objects can be clustered by color, size, typology, viewpoint, and many other attributes. Since our
main objective is to use clustering to learn a good data representation ®, we consider a multi-task
setting in which the same representation is shared among several different clustering tasks, which can
potentially capture different and complementary clustering axis.

In our formulation, this is easily achieved by considering multiple heads ( , Yhi,...,hp,
one for each of T clustering tasks (which may also have a different number of labels). Then, we
optimize a sum of objective functions of the type eq. (6), one for each task, while sharing the
parameters of the feature extractor & among them.

4 EXPERIMENTS

In this section, we evaluate the quality of the representations learned by our Self Labelling (SeLa)
technique. We first test variants of our method, including ablating its components, in order to find
an optimal configuration. Then, we compare our results to the state of the art in self-supervised
representation learning, where we find that our method is the best among clustering-based techniques
and overall state-of-the-art or at least highly competitive in many benchmarks. In the appendix, we
also show qualitatively that the labels identified by our algorithm are usually meaningful and group
visually similar concepts in the same clusters, often even capturing whole ImageNet classes.

4.1 SETUP

Linear probes. In order to quantify if a neural network has learned useful feature representations,
we follow the standard approach of using linear probes ( , ). This amounts to solving
a difficult task, such as ImageNet classification, by training a linear classifier on top of a pre-trained
feature representation, which is kept fixed. Linear classifiers heavily rely on the quality of the
representation since their discriminative power is low. We apply linear probes to all intermediate
convolutional blocks of representative networks. While linear probes are conceptually straightforward,
there are several technical details that can affect the final accuracy, so we follow the standard protocol
further outlined in the Appendix.

Data. For training data we consider ImageNet LSVRC-12 ( , ) and other smaller
scale datasets. We also test our features by transferring them to MIT Places ( , ). All
of these are standard benchmarks for evaluation in self-supervised learning.

Architectures. Our base encoder architecture is AlexNet ( , ), since this is the
most frequently used in other self-supervised learning works for the purpose of benchmarking. We
inject the probes right after the ReLU layer in each of the five blocks, and denote these entry points
convl to conv5. Furthermore, since the convl and conv2 can be learned effectively from data

augmentations alone ( , ), we focus the analysis on the deeper layers conv2 to conv5
which are more sensitive to the quality of the learning algorithm. In addition to AlexNet, we also test
ResNet-50 ( , ) models. Further experimental details are given in the Appendix.

4.2 OPTIMAL CONFIGURATION AND ABLATIONS

In tables 1 and 5, we first validate various modelling and configuration choices. Two key hyper-
parameters are the number of clusters K and the number of clustering heads 7', which we denote in
the experiments below with the shorthand “SeLa[K x T]”. We run SeLa by alternating steps 1 and 2
as described in section 3.1. Step 1 amounts to standard CE training, which we run for a fixed number
of epochs. Step 2 can be interleaved at any point in the optimization; to amortize its cost, we run it



Published as a conference paper at ICLR 2020

Table 1: Ablation: number of Table 2: Number of clusters Table 3: Ablation: number of

self-labelling steps. K. heads T'. (c4 for AlexNet)
Method #opt. c3 c4 c5 Method c3 c4 c5 Method Architecture Top-1
SeLa [3k x 1] 020.818.313.4 SeLa[lk x 1] 40.142.138.8 SeLa [3k x 1] AlexNet 44.7
SeLa [3k x 1] 4042.743.439.2 SelLa[3k x 1] 43.044.740.9 SeLa [3k x 10] AlexNet 46.7
SeLa[3k x 1] 8043.044.740.9 SeLa [5k x 1] 42.543.940.2

SeLa [3k x 1] 16042.444.640.7 SeLa[10k x 1]42.243.839.7  Sckal3k>x1] ResNet-50 518

SeLa [3k x 10] ResNet-50  61.5

Table 4: Different architectures. Table 5: Label transfer.

Method Architecture Top-1 Method Source (Top-1) Target (Top-1)
SeLa [3k x 1] AlexNet (small) 41.3 SeLa [3k x 10] AlexNet (46.7) AlexNet (46.5)
SeLa [3k x 1] AlexNet 44.7 SeLa [3k x 1] ResNet-50 (51.8) AlexNet (45.0)
SeLa [3k x 1] ResNet-50 51.8 SeLa [3k x 10] ResNet-50 (61.5) AlexNet (48.4)

at most once per epoch, and usually less, with a schedule described and validated below. For these
experiments, we train the representation and the linear probes on ImageNet.

Number of clusters . Table 2, compares different values for K: moving from 1k to 3k improves
the results, but larger numbers decrease the quality slightly.

Ablation: number of heads 7. Table 3 shows that increasing the number of heads from 7" = 1 to
T = 10 yields a large performance gain: +2% for AlexNet and +10% for ResNet. The latter more
expressive model appears to benefit more from a more diverse training signal.

Ablation: number of self-labelling iterations. First, in table 1, we show that self-labelling (step 2)
is essential for good performance, as opposed to only relying on the initial random label assignments
and the data augmentations. For this, we vary the number of times the self-labelling algorithm (step
2) is run during training (#opts), from zero to once per step 1 epoch. We see that self-labelling is
essential, with the best value around 80 (for 160 step 1 epochs in total).

Architectures. Table 4 compares a smaller variant of AlexNet which uses (64, 192) filters in its
first two convolutional layers ( , ), to the standard variant with (96, 256) (
, ), all the way to a ResNet-50. SeLa works well in all cases, for large models such as
ResNet but also smaller ones such as AlexNet, for which methods such as BigBiGAN (
, ) or CPC ( , ) are unsuitable.

4.3 LABEL TRANSFER

An appealing property of SeLa is that the label it assigns to the images can be used to train another
model from scratch, using standard supervised training. For instance, table 5 shows that, given the
labels assigned by applying SeLa to AlexNet, we can re-train AlexNet from scratch using a shorter
90-epochs schedule with achieving the same final accuracy. This shows that the quality of the learned
representation depends only the final label assignment, not on the fact that the representation is learned
jointly with the labels. More interestingly, we can transfer labels between different architectures. For
example, the labels obtained by applying SeLa [3k x 1] and SeLa [3k x 10] to ResNet-50 can be used
to train a better AlexNet model than applying SeLa to the latter directly. For this reason, we publish
on our website the self-labels for the ImageNet dataset in addition to the code and trained models.

4.4 SMALL-SCALE DATASETS

Here, we evaluate our method on relatively simple and small datasets, namely

CIFAR-10/100 ( s ) and SVHN ( s ). For this, we fol-
low the experimental and evaluation protocol from the current state of the art in self-supervised
learning in these datasets, AND ( s ). In table 6, we compare our method with the

settings [128 x 10] for CIFAR-10, [512 x 10] for CIFAR-100 and [128 x 1] for SVHN to other
published methods; details on the evaluation method are provided in the appendix. We observe that
our proposed method outperforms the best previous method by 5.8% for CIFAR-10, by 9.5% for
CIFAR-100 and by 0.8% for SVHN when training a linear classifier on top of the frozen network.
The relatively minor gains on SVHN can be explained by the fact that the gap between the supervised
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Table 6: Nearest Neighbour and linear classification ~ Table 7: PASCAL VOC finetun-

evaluation on small datasets using AlexNet. Results  ing. VOCO07-Classification %mAP,

of previous methods are taken from ( ., VOCO7-Detection %9mAP and VOCI12-

). Segmentation %mlU. * denotes a larger
Dataset AlexNet variant.

Method CIFAR-10 CIFAR-100 SVHN PASCAL VOC Task

Method Cls. Det. Seg.

Classifier/Feature Linear Classifier / conv5 T8 all all  all

Supervised 91.8 71.0 96.1

Counting 50.9 18.2 63.4 ImageNet labels 78.9 79.9 59.1 48.0
DeepCluster 77.9 41.9 92.0 Random — 53.3 434 —
Instance 70.1 39.4 89.3 Random Rescaled — 56.6 45.6 32.6
AND e 479 937 BiGAN 52.3 60.1 46.9 35.2
SL 83.4 57.4 94.5 Context* 55.1 65.3 51.1 -
Classifier/Feature Weighted kNN / FC Context 2 — 69.6 558 41.4
Supervised 91.9 69.7 96.5 CC+VGG — 72.5 56.5 42.6
Counting 1.7 15.9 43.4 RotNet . 709 730 544 391
DeepCluster 62.3 22.7 84.9 DeepCluster. . 72.0 73.4 55.4 45.1
Instance 60.3 32.7 79.8 RotNet+retrieval 72.5 74.7 58.0 45.9
AND 74.8 41.5 90.9 SeLa* [3k x 10] 73.1 75.3 55.9 43.7
SL 77.6 44.2 92.8 SeLa”* [3]( X 10]7 74.4 75.9 57.8 44.7

SeLa* [3k x 10]”+Rot 75.6 77.2 59.2 45.7

Table 8: Nearest Neighbour and linear classification evaluation using imbalanced CIFAR-10 training
data. We evaluate on the normal CIFAR-10 test set and on CIFAR-100 to analyze the transferability
of the features. Difference to the supervised baseline in parentheses. See section 4.5 for details.

KNN Linear/conv5
Training data/Method CIFAR-10  CIFAR-100 CIFAR-10  CIFAR-100
CIFAR-10, full

Supervised 92.1 24.0 90.2 54.2

ours (K -means) [128 x 1] 64.7 (—17.4) 19.3 (—4.7) 77.5(—12.7) 45.6 (—8.8)

ours (SK) [128 x 1] 72.9(-9.2) 28.9(+4.9) 79.8(—9.4) 49.4(—4.8)
CIFAR-10, light imbalance

Supervised 92.0 24.0 90.4 53.6

ours (K -means) [128 x 1] 64.2 (—17.8) 18.1(—5.9) 77.0(—13.4) 44.8 (—8.8)

ours (SK) [128 x 1] 71.7(—10.3) 28.2(+4.2) 79.5(—10.9) 48.6 (—5.0)
CIFAR-10, heavy imbalance

Supervised 86.7 22.6 86.8 51.4

ours (K -means) [128 x 1] 60.7 (—16.0) 17.8 (—4.8) 75.2(—11.6) 44.3(—7.1)

ours (SK) [128 x 1] 67.6(—9.1) 26.7(4+3.9) 77.2(-9.6) 47.5(—2.9)

baseline and the self-supervised results is already very small (< 3%). We also evaluate our method
using weighted kNN using an embedding of size 128. We find that the proposed method consistently
outperforms the previous state of the art by around 2% across these datasets, even though AND is
based on explicitly learning local neighbourhoods.

4.5 IMBALANCED DATA EXPERIMENTS

In order to understand if our equipartition regularization is affected by the underlying class distribution
of a dataset, we perform multiple ablation experiments on artificially imbalanced datasets in table 8.
We consider three training datasets based on CIFAR-10. The first is the original dataset with 5000
images for each class (full in table 8). Second, we remove 50% of the images of one class (truck) while
the rest remains untouched (light imbalance) and finally we remove 10% of one class, 20% of the
second class and so on (heavy imbalance). On each of the three datasets we compare the performance
of our method “ours (SK)” with a baseline that replaces our Sinkhorn-Knopp optimization with
K -means clustering “ours (K -means)”. We also compare the performance to training a network
under full supervision. The evaluation follows ( ) and is based on linear probing and
kNN classification — both on CIFAR-10 and, to understand feature generalization, on CIFAR-100.
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Table 9: Linear probing evaluation — AlexNet. A linear classifier is trained on the (downsampled)
activations of each layer in the pretrained model. We bold the best result in each layer and underline
the second best. The best layer is highlighted in blue. * denotes a larger AlexNet variant. ~ refers to
AlexNets trained with self-label transfer from a corresponding ResNet-50. "+Rot" refers to retraining
using labels and an additional RotNet loss, "+ more aug." includes further augmentation during
retraining. See Table A.2 in the Appendix for a full version of this table and details.

ILSVRC-12 Places

Method cl c2 c¢3 c4 c5 cl c2 c¢3 c4 cb

ImageNet supervised, ( , ) 19.3 36.3 44.2 48.3 50.5 22.7 34.8 38.4 39.4 38.7

Places supervised, ( R ) - - - - - 22.1 35.1 40.2 43.3 44.6

Random, ( , ) 11.6 17.1 169 16.3 14.1 15.7 20.3 19.8 19.1 17.5

Inpainting, ( , ) 14.1 20.7 21.0 19.8 15.5 18.2 23.2 23.4 21.9 18.4

BiGAN, ( , ) 17.7 245 31.0 299 28.0 22.0 28.7 31.8 31.3 29.7
.§ Instance retrieval, ( s ) 16.8 26.5 31.8 34.1 35.6 18.8 24.3 31.9 34.5 33.6
§|RotNet, ( , ) 18.8 31.7 38.7 38.2 36.5 21.5 31.0 35.1 34.6 33.7
S|AND* ( ,2019) 156 27.0 359 39.7 379 - - - - -
S|CMC* ( , ) 18.4 33.5 38.1 40.4 42.6 - - - - -
SIAET™ ( , ) 19.3 354 44.0 43.6 42.4 221 32.9 37.1 36.2 34.7
S| RotNet+retrieval*, ( , ) 20.8 35.2 41.8 44.3 444 24.0 33.8 37.5 39.3 38.9
~

SeLa [3k x 101" 20.3 322 38.6 41.4 39.6 24.5 31.9 36.7 38.0 37.0

SeLa [3k x 10]” +Rot* 20.6 32.3 40.4 43.1 42.3 24.0 31.7 37.1 39.0 37.6

SeLa [3k x 10]™ +Rot"+more aug. 19.2 32.6 40.8 44.4 44.7 21.1 30.4 36.5 37.9 37.3
| ImageNet supervised” 21.6 37.2 46.9 529 544 226 33.2 39.0 41.3 39.7
S
§|DeepCluster™, ( , ) 13.4 32.3 41.0 39.6 38.2 23.8 32.8 37.3 36.0 31.0
Nz Local Agg.”, ( , ) 18.7 32.7 38.1 42.3 42.4 18.7 32.7 38.2 40.3 39.5
5| RotNet+retrieval*, ( , ) 22.2 38.2 45.7 48.7 48.3 25.5 36.0 40.1 42.2 41.3
§SeLa [3k x 107" 22.5 374 44.7 47.1 44.1 26.7 34.9 39.9 41.8 39.7
<|SeLa [3k x 10]”+Rot™ 22.8 37.8 46.7 49.7 484 26.8 35.5 41.0 43.0 41.3
~|SeLa [3k x 10]~ +Rot*+more aug. 21.9 37.1 46.0 50.0 50.0 23.4 33.0 39.4 414 39.9

To our surprise, we find that our method generalizes better to CIFAR-100 than the supervised baseline
during kNN evaluation, potentially due to overfitting when training with labels. We also find that
using SK optmization for obtaining pseudo-labels is always better than K -means on all metrics and
datasets. When comparing the imbalance settings, we find that under the light imbalance scenario,
the methods’ performances are ranked the same and no method is strongly affected by the imbalance.
Under the heavy imbalance scenario, all methods drop in performance. However, compared to full
data and light imbalance, the gap between supervised and self-supervised even decreases slightly for
both K-means and our method, indicating stronger robustness of self-supervised methods compared
to a supervised one.

In conclusion, our proposed method does not rely on the data to contain the same number of images
for every class and outperforms a K -means baseline even in very strong imbalance settings. This
confirms the intuition that the equipartioning constraint acts as a regularizer and does not exploit the
class distribution of the dataset.

4.6 LARGE SCALE BENCHMARKS

To compare to the state of the art and concurrent work, we evaluate several architectures using linear
probes on public benchmark datasets.

AlexNet. The main benchmark for feature learning methods is linear probing of an AlexNet trained
on ImageNet. In table 9 we compare the performance across layers also on the Places dataset. We
find that across both datasets our method outperforms DeepCluster and local Aggregation at every
layer. From our ablation studies in tables 1-5 we also note that even our single head variant [3k x 1]
outperforms both methods. Given that our method provides labels for a dataset that can be used for
retraining a network quickly, we find that we can improve upon this initial performance. And by
adopting a hybrid approach, similar to ( , ), of training an AlexNet with 10 heads and
one additional head for computing the RotNet loss, we find further improvement. This result (SeLa
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Table 10: Linear evaluation - ResNet. A linear layer is trained on top of the global average pooled
features of ResNets. All evaluations use a single centred crop. We have separated much larger
architectures such as RevNet-50x4 and ResNet-161. Methods in brackets use a augmentation
policy learned from supervised training and methods with * are not explicit about which further
augmentations they use. See Table A.3 in the Appendix for a full version of this table.

Method Architecture Top-1 Top-5
Supervised, ( s ) ResNet-50 76.3 93.1
Jigsaw, ( ) ) ResNet-50 38.4 —
Rotation, ( R ) ResNet-50 43.8 —
CPC, ( s ) ResNet-101 48.7 73.6
BigBiGAN, ( , ) ResNet-50 55.4 774
LocalAggregation, ( , ) ResNet-50 60.2 -
Efficient CPC v2.1, ( R )  ResNet-50 (63.8) (85.3)
CMC, ( s ) ResNet-50 (64.1) (85.4)
MoCo, ( s ) ResNet-50 60.6 —
PIRL, ( , )*  ResNet-50 63.6 -
SeLa [3k x 10] ResNet-50 61.5 84.0
other architectures

MoCo, ( s ) RevNet-50x4 68.6 —
Efficient CPC v2.1, ( R )  ResNet-161 71.5 90.1

[3k x 10]~+Rot) achieves state of the art in unsupervised representation learning for AlexNet, with
a gap of 1.3% to the previous best performance on ImageNet and surpasses the ImageNet supervised
baseline transferred to Places by 1.7%.

ResNet. Training better models than AlexNets is not yet standardized in the feature learning
community. In Table 10 we compare a ResNet-50 trained with our method to other works. With top-1
accuracy of 61.5, we outperform than all other methods including Local Aggregation, CPCv1 and
MoCo that use the same level of data augmentation. We even outperform larger architectures such as
BigBiGAN’s RevNet-50x4 and reach close to the performance of models using AutoAugment-style
transformations.

4.7 FINE-TUNING: CLASSIFICATION, OBJECT DETECTION AND SEMANTIC SEGMENTATION

Finally, since pre-training is usually aimed at improving down-stream tasks, we evaluate the quality of
the learned features by fine-tuning the model for three distinct tasks on the PASCAL VOC benchmark.
In Table 7 we compare results with regard to multi-label classification, object detection and semantic
segmentation on PASCAL VOC ( s ).

As in the linear probe experiments, we find our method better than the current state of the art in
detection and classification with both fine-tuning only the last fully connected layers and when
fine-tuning the whole network (“all”. Notably, our fine-tuned AlexNet outperforms its supervised
ImageNet baseline on the VOC detection task. Also for segmentation the method is very close (0.2%)
to the best performing method. This shows that our trained network does not only learn useful feature
representations but is also able to perform well when fine-tuned on actual down-stream tasks.

5 CONCLUSION

We present a self-supervised feature learning method that is based on clustering. In contrast to other
methods, ours optimizes the same objective during feature learning and during clustering. This
becomes possible through a weak assumption that the number of samples should be equal across
clusters. This constraint is explicitly encoded in the label assignment step and can be solved for
efficiently using a modified Sinkhorn-Knopp algorithm. Our method outperforms all other feature
learning approaches and achieves SOTA on SVHN, CIFAR-10/100 and ImageNet for AlexNet and
ResNet-50. By virtue of the method, the resulting self-labels can be used to quickly learn features for
new architectures using simple cross-entropy training.

10
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A APPENDIX

A.1 IMPLEMENTATION DETAILS

Learning Details Unless otherwise noted, we train all our self-supervised models with SGD and
intial learning rate 0.05 for 400 epochs with two learning rate drops where we divide the rate
by ten at 150 and 300 and 350 epochs. We spread our pseudo-label optimizations throughout
the whole training process in a logarithmic distribution. We optimize the label assignment at

N2
t; = (ﬁ) i € {1,..., M}, where M is the user-defined number of optimizations and ¢; is

expressed as a fraction of total training epochs. For the Sinkhorn-Knopp optimization we set A = 25
as in ( , ). We use standard data augmentations during training that consist of randomly
resized crops, horizontal flipping and adding noise, as in ( , ).

Quantitative Evaluation — Technical Details. Unfortunately, prior work has used several slightly
different setups, so that comparing results between different publications must be done with caution.

In our ImageNet implementation, we follow the original proposal ( , ) in pooling
each representation to a vector with 9600, 9216, 9600, 9600, 9216 dimensions for conv1-5 using
adaptive max-pooling, and absorb the batch normalization weights into the preceding convolutions.
For evaluation on ImageNet we follow RotNet to train linear probes: images are resized such that
the shorter edge has a length of 256 pixels, random crops of 224 x 224 are computed and flipped
horizontally with 50% probability. Learning lasts for 36 epochs and the learning rate schedule
starts from 0.01 and is divided by five at epochs 5, 15 and 25. The top-1 accuracy of the linear
classifier is then measured on the ImageNet validation subset by optionally extracting 10 crops for
each validation image (four at the corners and one at the center along with their horizontal flips)
and averaging the prediction scores before the accuracy is computed or just taking the a centred
crop. For CIFAR-10/100 and SVHN we train AlexNet architectures on the resized images with
batchsize 128, learning rate 0.03 and also the same image augmentations (random resized crops,
color jitter and random grayscale) as is used in prior work ( , ). We use the same
linear probing protocol as for our ImageNet experiments but without using 10 crops. For the weighted
kNN experiments we use £ = 50, 0 = 0.1 and we use an embedding of size 128 as done in previous
works.

In Table 9, when retraining an AlexNet using ResNet generated labels, we can apply heavier
augmentation strategies as the labels are kept constant. Hence for the experiments denoted by "+
more aug.", in addition to the usual augmentations, we further randomly apply one of equalize,
autoconstrast and sharpening. We find that this raises the performance for ImageNet but lowers
the performance on Places by a small amount, hence illuminating the need to always also report
performance on both datasets.

A.2 FURTHER DETAILS

NMI over time In fig. A.1 we find that most learning takes place in the early epochs, and we reach
a final NMI value of around 66%. Similarly, we find that due to the updating of the pseudo-labels at
regular intervals and our data augmentation, the pseudo-label accuracies keep continuously rising
without overfitting to these labels.

Clustering metrics In table A.1, we report standard clustering metrics (see ( , )
for detailed definitions) of our trained models with regards to the ImageNet validation set ground-
truth labels. These metrics include chance-corrected metrics which are the adjusted normalized
mutual information (NMI) and the adjusted Rand-Index, as well as the default NMI, also reported in
DeepCluster ( R ).

Convl filters In fig. A.3 we show the first convolutional filters of two of our trained models. We
can find the typical Gabor-like edge detectors as well as color blops and dot-detectors.

Entropy over time In fig. A.4, we show how the distribution of entropy with regards to the true
ImageNet labels changes with training time. We find that while at first, all 3000 pseudo-labels contain
random real ImageNet labels, yielding high entropy of around 6 ~ In(400) = In(1.2 - 10°/3000).
Towards the end of training we arrive at a broad spectrum of entropies with some as low as
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Figure A.1: Left: Normalized Mutual Information (NMI) against validation set ImageNet labels.
This measure is not used for training but indicates how good a clustering is. Right: Similarities of
consecutive labellings using NMI. Both plots use the [10k x 1] AlexNet for comparability with the
DeepCluster paper (Caron et al., 2018).

Table A.1: Clustering metrics that compare with ground-truth labels of the ImageNet validation set
(with 1-crop). For reference, we provide the best Top-1 error on ImageNet linear probing (as reported
in the main part).*: for the multi-head variants, we simply use predictions of a randomly picked,
single head.

Metrics
adjusted
Variant NMI adjusted NMI Rand-Index | Top-1 Acc.
SeLa [1k x 1] AlexNet 50.5% 12.2% 2.7% 42.1%
SeLa [3k x 1] AlexNet 59.1% 9.8% 2.5% 44.7%
SeLa [5k x 1] AlexNet 66.2% 7.4% 1.8% 43.9%
SeLa [10k x 1] AlexNet 66.4% 4.7% 1.0% 43.8%
SeLa [3k x 1] ResNet-50  60.0% 13.5% 3.8% 51.8%
SeLa [3k x 10]* ResNet-50 66.3% 26.4% 10.3% 61.5%
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Figure A.2: Pseudo-label accuracies for the training data versus training time for the [10k x 1]
AlexNet.
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Figure A.3: Visualization of the first convolutional layers of our [3k x 10] AlexNet (left) and the
[1k x 1] ResNet-50 (right). The filters are scaled to lie between (0,1) for visualization.

0.07 ~ In(1.07) (see Fig. A.5 and A.6 for low entropy label visualizations) and the mean around
4.2 ~ In(66) (see Fig. A.7 and A.8 for randomly chosen labels’ visualizations).
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Figure A.4: Cross-entropy of the pseudo-labels with the true ImageNet training set labels. This
measure is not used for training but indicates how good a clustering is. This plot uses the [10k x 1]
AlexNet to compare to the equivalent plot in (Caron et al., 2018).

A.3 COMPLETE TABLES

In the following, we report the unabridged tables with all related work.
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Table A.2: Linear probing evaluation — AlexNet. A linear classifier is trained on the (downsampled)
activations of each layer in the pretrained model. We bold the best result in each layer and underline
the second best. The best layer is highlighted in blue. * denotes a larger AlexNet variant. ~ refers to
AlexNets trained with self-label transfer from a corresponding ResNet-50. "+Rot" refers to retraining
using labels and an additional RotNet loss, "+ more aug." includes further augmentation during

retraining.
ILSVRC-12 Places
Method cl ¢c2 ¢3 c4 c5 cl ¢c2 ¢3 c4 cb
ImageNet supervised, ( R ) 19.3 36.3 44.2 48.3 50.5 22.7 34.8 38.4 39.4 38.7
Places supervised, ( R - - - - - 22.1 35.1 40.2 43.3 44.6
Random, ( , ) 11.6 17.1 16.9 16.3 14.1 15.7 20.3 19.8 19.1 17.5
Random™ 15.6 16.8 17.4 15.6 10.6 16.5 17.6 18.6 18.1 16.3
Inpainting, ( R ) 14.1 20.7 21.0 19.8 15.5 18.2 23.2 23.4 219 184
BiGAN, ( R ) 17.7 24.5 31.0 29.9 28.0 22.0 28.7 31.8 31.3 29.7
Context™, ( s ) 16.2 23.3 30.2 31.7 29.6 19.7 26.7 31.9 32.7 30.9
Colorization, ( R ) 13.1 24.8 31.0 32.6 31.8 16.0 25.7 29.6 30.3 29.7
Jigsaw, ( R ) 18.2 28.8 34.0 33.9 27.1 23.0 31.9 35.0 34.2 29.3
Counting, ( R ) 18.0 30.6 34.3 32.5 25.7 23.3 33.9 36.3 34.7 29.6
SplitBrain, ( R ) 17.7 29.3 35.4 35.2 32.8 21.3 30.7 34.0 34.1 325
| Instance retrieval, ( s ) 16.8 26.5 31.8 34.1 35.6 18.8 24.3 31.9 34.5 33.6
§|CC+VGG-, ( R ) 19.2 32.0 37.3 37.1 34.6 229 34.2 37.5 37.1 34.4
~§ Context 2 ( s ) 19.6 31.8 37.6 37.8 33.7 23.7 34.2 37.2 37.2 349
3| RotNet, ( s ) 18.8 31.7 38.7 38.2 36.5 21.5 31.0 35.1 34.6 33.7
§~Artifacts,( R ) 19.5 33.3 37.9 38.9 349 23.3 34.3 36.9 37.3 344
S|AND™ ( s ) 15.6 27.0 35.9 39.7 37.9 - - - - -
~|CMC* ( R ) 18.4 33.5 38.1 40.4 42.6 - - - - -
AET* ( s ) 19.3 35.4 44.0 43.6 42.4 22.1 32.9 37.1 36.2 34.7
RotNet+retrieval ™, ( s 20.8 35.2 41.8 44.3 44.4 24.0 33.8 37.5 39.3 38.9
SeLa [3k x 101" 20.3 322 38.6 41.4 39.6 24.5 31.9 36.7 38.0 37.0
SeLa [3k x 10]~ +Rot™* 20.6 32.3 40.4 43.1 42.3 24.0 31.7 37.1 39.0 37.6
SeLa [3k x 10]~ +Rot™+more aug. 19.2 32.6 40.8 44.4 44.7 21.1 30.4 36.5 37.9 37.3
«|ImageNet supervised™ 21.6 37.2 46.9 529 544 226 33.2 39.0 41.3 39.7
-2|Random* 17.6 20.3 20.6 17.8 11.0 19.2 20.7 21.8 21.3 19.0
S
~§ DeepCluster (RGB)*, ( R ) 18.0 32.5 39.2 37.2 30.6 - - - - -
5| DeepCluster™, ( s ) 13.4 32.3 41.0 39.6 38.2 23.8 32.8 37.3 36.0 31.0
S{Local Agg.”, ( s ) 18.7 32.7 38.1 42.3 424 18.7 32.7 38.2 40.3 39.5
?RotNeHretrieval*,( s 22.2 38.2 45.7 48.7 48.3 25.5 36.0 40.1 42.2 41.3
S SeLa [3k x 101" 22.5 37.4 44.7 47.1 44.1 26.7 34.9 39.9 41.8 39.7
SeLa [3k x 10]~ +Rot™* 22.8 37.8 46.7 49.7 48.4 26.8 35.5 41.0 43.0 41.3
SeLa [3k x 10]~ +Rot*+more aug. 21.9 37.1 46.0 50.0 50.0 23.4 33.0 39.4 414 39.9
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Table A.3: Linear evaluation - ResNet. A linear layer is trained on top of the global average
pooled features of ResNets. All evaluations use a single centred crop. We have separated much
larger architectures such as RevNet-50x4 and ResNet-161. Methods in brackets use a augmentation
policy learned from supervised training and methods with * are not explicit about which further
augmentations they use.

Method Architecture Top-1 Top-5

Supervised, (Donahue & Simonyan, 2019) ResNet-50 76.3 93.1
Supervised, (Donahue & Simonyan, 2019) ResNet-101 77.8 93.8

Jigsaw, (Kolesnikov et al., 2019) ResNet-50 38.4 —
RelPathLoc, (Kolesnikov et al., 2019) ResNet-50 42.2 —
Exemplar, (Kolesnikov et al., 2019) ResNet-50 43.0 —
Rotation, (Kolesnikov et al., 2019) ResNet-50 43.8 —
Multi-task, (Doersch & Zisserman, 2017) ResNet-101 — 69.3
CPC, (Oord et al., 2018) ResNet-101 48.7 73.6

BigBiGAN, (Donahue & Simonyan, 2019) ResNet-50 56.4 774
LocalAggregation, (Zhuang et al., 2019)  ResNet-50 60.2 -
Efficient CPC v2.1, (Hénaff et al.,, 2019)  ResNet-50  (63.8) (85.3)

CMC, (Tian et al., 2019) ResNet-50  (64.1) (85.4)
MoCo, (He et al., 2019) ResNet-50 60.6 —
PIRL, (Misra & van der Maaten, 2019)*  ResNet-50 63.6 —
SeLa [3k x 10] ResNet-50 61.5 84.0
other architectures

Rotation, (Kolesnikov et al., 2019) RevNet-50x4  53.7 —
BigBiGAN, (Donahue & Simonyan, 2019) RevNet-50x4 60.8 81.4
AMDIM, (Bachman et al., 2019) Custom-103  (67.4) (81.8)
CMC, (Tian et al., 2019) RevNet-50x4 68.4 88.2
MoCo, (He et al., 2019) RevNet-50x4  68.6 —

Efficient CPC v2.1, (Hénaftf et al., 2019)  ResNet-161 71.5 90.1
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A.4 Low ENTROPY PSEUDOCLASSES

Figure A.5: Here we show a random sample of images associated to the lowest entropy pseudoclasses.
The entropy is given by true image labels which are also shown as a frame around each picture with a
random color. This visualization uses ResNet-50 [3k x 1]. The entropy varies from 0.07 — —0.83
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Figure A.6: Visualization of pseudoclasses on the validation set. Here we show random samples
of validation set images associated to the lowest entropy pseudoclasses of training set. For further
details, see Figure A.5. Classes with less than 9 images are sampled with repetition.
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A.5 RANDOM PSEUDOCLASSES
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Figure A.7: Here we show a random sample of Imagenet training set images associated to the random
pseudoclasses. The entropy is given by true image labels which are also shown as a frame around
each picture with a random color. This visualization uses ResNet-50 [3k X 1].

21



Published as a conference paper at ICLR 2020

Figure A.8: Here we show a random sample of valdation set images associated to random pseudo-
classes. The entropy is given by true image labels which are also shown as a frame around each
picture with a random color. This visualization uses ResNet-50 [3k x 1]. Classes with less than 9
images are sampled with repetition.
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Abstract

A large part of the current success of deep learning lies in the effectiveness of
data — more precisely: labelled data. Yet, labelling a dataset with human anno-
tation continues to carry high costs, especially for videos. While in the image
domain, recent methods have allowed to generate meaningful (pseudo-) labels
for unlabelled datasets without supervision, this development is missing for the
video domain where learning feature representations is the current focus. In this
work, we a) show that unsupervised labelling of a video dataset does not come
for free from strong feature encoders and b) propose a novel clustering method
that allows pseudo-labelling of a video dataset without any human annotations, by
leveraging the natural correspondence between the audio and visual modalities.
An extensive analysis shows that the resulting clusters have high semantic overlap
to ground truth human labels. We further introduce the first benchmarking results
on unsupervised labelling of common video datasets Kinetics, Kinetics-Sound,
VGG-Sound and AVE?.

1 Introduction

One of the key tasks in machine learning is to convert continuous perceptual data such as images
and videos into a symbolic representation, assigning discrete labels to it. This task is generally for-
mulated as clustering [31]. For images, recent contributions such as [6, 13, 37, 72] have obtained
good results by combining clustering and representation learning. However, progress has been more
limited for videos, which pose unique challenges and opportunities. Compared to images, videos
are much more expensive to annotate; at the same time, they contain more information, including
a temporal dimension and two modalities, aural and visual, which can be exploited for better clus-
tering. In this paper, we are thus interested in developing methods to cluster video datasets without
manual supervision, potentially reducing the cost and amount of manual labelling required for video
data.

Just as for most tasks in machine learning, clustering can be greatly facilitated by extracting a suit-
able representation of the data. However, representations are usually learned by means of manually
supplied labels, which we wish to avoid. Inspired by [79], we note that a solution is to consider one
of the recent state-of-the-art self-supervised representation learning methods and apply an off-the-
shelf clustering algorithm post-hoc. With this, we show that we can obtain very strong baselines for
clustering videos.

*Joint first authors
2Code will be made available at https://github.com/facebookresearch/selavi

34th Conference on Neural Information Processing Systems (NeurIPS 2020), Vancouver, Canada.



Still, this begs the question of whether even better performance could be obtained by simultaneously
learning to cluster and represent video data. Our main contribution is to answer this question
affirmatively and thus to show that good clusters do not come for free from good representations.

In order to do so, we consider the recent method SeLa [6], which learns clusters and representations
for still images by solving an optimal transport problem, and substantially improve it to work with
multi-modal data. We do this in three ways. First, we relax the assumption made in [6] that clusters
are equally probable; this is not the case for semantic video labels, which tend to have a highly-
skewed distribution [1, 29, 41], and extend the algorithm accordingly. Second, we account for the
multi-modal nature of video data, by formulating the extraction of audio and visual information from
a video as a form of data augmentation, thus learning a clustering function which is invariant to such
augmentations. For this to work well, we also propose a new initialization scheme that synchronizes
the different modalities before clustering begins. This encourages clusters to be more abstract and
thus ‘semantic’ and learns a redundant clustering function which can be computed robustly from
either modality (this is useful when a modality is unreliable, because of noise or compression).
Third, since clustering is inherently ambiguous, we propose to learn multiple clustering functions in
parallel, while keeping them orthogonal, in order to cover a wider space of valid solutions.

With these technical improvements, our method for Self-Labelling Videos (SeLaVi) substantially
outperforms the post-hoc approach [79], SeLa [6] applied to video frames, as well as a recent multi-
modal clustering-based representation learning method, XDC [2]. We evaluate our method by test-
ing how well the automatically learned clusters match manually annotated labels in four different
video datasets: VGG-Sound [17], AVE [68], Kinetics [41] and Kinetics-Sound [3]. We show that
our proposed model results in substantially better clustering performance than alternatives. For ex-
ample, our method can perfectly group 32% of the videos in the VGG-Sound dataset and 55% in the
AVE dataset without using any labels during training. Furthermore, we show that, while some clus-
ters do not align with the ground truth classes, they are generally semantically meaningful (e.g. they
contain similar background music) and provide an interactive cluster visualization®.

In a nutshell, our key contributions are: (i) establishing video clustering benchmark results on four
datasets for which labels need to be obtained in an unsupervised manner; (ii) developing and as-
sessing several strong clustering baselines using state-of-the-art methods for video representation
learning, and (iii) developing a new algorithm tailored to clustering multi-modal data resulting in
state-of-the-art highly semantic labels.

2 Related work

Unsupervised labelling for images. Early approaches to clustering images include agglomerative
clustering [9] and partially ordered sets of hand-crafted features [10], while more recent methods
combine feature learning with clustering. First, there are methods which propose to implicitly learn
a clustering function by maximizing mutual information between the image and nuisance transfor-
mations [35, 37]. Second, there are methods which use explicit clustering combined with represen-
tation learning [6, 13, 14, 16, 48, 77, 80]. Lastly, there are methods which build on strong feature
representations and, at a second stage, utilize these to obtain clusters [47, 72, 79].

Representation learning from videos. There is a growing literature on representation learning
from videos. Many of these methods are uni-modal, leveraging works from the image domain [5,
8, 18, 26, 27, 56, 57, 69, 75, 81], such as predicting rotations [39] and 3D jigsaw puzzles [42].
Other works leverage temporal information explicitly and predict future features [30], the order
of frames [46, 53] and clips [78], the direction of time [74] or the framerate [11, 19]. However,
videos usually contain multiple modalities, such as audio, speech and optical flow. Multi-modal
learning, originally proposed by de Sa [22], has seen a resurgence with the goal of learning strong
feature representations that can be used for finetuning on downstream tasks. Most works leverage
audio-visual semantic correspondence [3, 7, 59, 60] or the synchronized timing of content [43, 58]
between the audio and visual streams. Some works use this information to obtain within-clip sound
localisation [4, 34, 58, 63, 64, 82] as well as audio-separation [15, 25]. Other methods use a modality
distillation framework to learn video encoders from other modalities [59, 61]. In [61], a loss function
is meta-learned by computing common self-supervised losses and distilling these and clustering is

Shttps://www.robots.ox.ac.uk/ vgg/research/selavi
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Figure 1: Our model views modalities as different augmentations and produces a multi-modal
clustering of video datasets from scratch that can closely match human annotated labels.

used as an evaluation metric for meta-learning. New methods have started to learn even stronger
representations by using ASR generated text from videos as another modality [49, 52, 55, 66, 67].

Clustering videos. Perhaps the simplest way of combining representation learning and clustering
in videos is to apply post-hoc a clustering algorithm after pretraining a representation. In Cluster-
Fit [79], the authors show that running a simple k-means algorithm on the features from a pretrained
network on the pretraining dataset yields small but consistent gains for representation learning when
these clusters are used as labels and the networks are retrained. While in [79], the authors found the
optimal number of clusters to consistently be at least one order of magnitude higher than the number
of ground-truth labels, we investigate applying this method on various pretrained methods as base-
lines for our task of labelling an unlabelled video dataset. Specifically, we apply k-means on state-
of-the-art single modality models such as DPC [30] and MIL-NCE [52], as well the multi-modal
model XDC [2], which itself uses k-means on the audio and visual streams to learn representations.
However, they do this as a pretext task for representation learning and obtain separate clusters for
audio and video. In contrast, our goal is multi-modally labelling an unlabelled dataset, and we find
that our method works significantly better at this task.

3 Method

Given a dataset D = {wi}ie{l,.“, N} of multi-modal data x;, our goal is to learn a labelling function
y(x) € {1,..., K} without access to any ground-truth label annotations. There are two require-
ments that the labelling function must satisfy. First, the labels should capture, as well as possible, the
semantic content of the data, in the sense of reproducing the labels that a human annotator would
intuitively associate to the videos. As part of this, we wish to account for the fact that semantic
classes are not all equally probable, and tend instead to follow a Zipf distribution [1, 41]. We then
evaluate the quality of the discovered labels by matching them to the ones provided by human an-
notators, using datasets where ground-truth labels are known. The second requirement is that the
labelling method should not overly rely on a single modality. Instead, we wish to treat each modality
as equally informative for clustering. In this way, we can learn a more robust clustering function,
which can work from either modality. Furthermore, correlating of modalities has been shown to be
a proxy to learn better abstractions [4, 43, 58, 60].

While our method can work with any number of data modalities (vision, audio, depth, textual tran-
scripts, ...), we illustrate it under the assumption of video data * = (a,v), comprising an audio
stream a and a visual stream v. The following two sections describe our method in detail and show
how it meets our requirements.

3.1 Non-degenerate clustering via optimal transport

In this section, we briefly summarize the formulation of [6] to interpret clustering as an optimal
transport problem. SeLa [6] is a method that learns representations via clustering images. The
labelling function can be expressed as the composition y(V(x)), where z = ¥(x) is a data repre-
sentation (i.e. a feature extractor implemented by a deep neural network), and y(z) € {1,..., K}
operates on top of the features rather than the raw data.

Any traditional clustering algorithm, such as k-means or Gaussian mixture models, defines an energy
function F(y) that, minimized, gives the best data clustering function y. When the representation is
accounted for, the energy F(y, V) is a function of both y and ¥, and we may be naively tempted to



optimize over both. However, this is well known to yield unbalanced solutions, which necessitates
ad-hoc techniques such as non-uniform sampling or re-initialization of unused clusters [13, 14].
Theoretically, in fact, for most choices of E, the energy is trivially minimized by the representation
W that maps all data to a constant.

Asano et al. [6] address this issue by constraining the marginal probability distributions of the clus-
ters to be uniform, and show that this reduces to an optimal transport problem. The algorithm
then reduces to alternating the fast Sinkhorn-Knopp algorithm [21] for clustering, and standard neu-
ral network training for representation learning. To do this, one introduces the cross-entropy loss
E(q,p), between the labels given as one-hot vectors in ¢ (i.e. g(y(x)) = 1 Vz) and the softmax
outputs p of a network W:

N K
1
E(p,q) == > Y_alyle:)logp(ylz:), p(yla:) = softmax ¥(x;), (1)

z:l y=1

where K is the number of clusters. This energy is optimized under the constraint that the marginal

cluster probability Zfil ﬁp(y|mz) = % is constant (meaning all clusters are a-priori equally
likely). Note that minimizing F with respect to p is the same as training the deep network ¥ using
the standard cross-entropy loss.

Next, we show that mlnlmlzmg E(p, q) w.rt. the label assignments ¢ results in an optimal transport
problem. Let Py; = p(y|azz) be the K x N matrix of joint probabilities estimated by the model
and Qy; = q(y|ar:,) % be K x N matrix of assigned joint probabilities. Matrix @ is relaxed to be an
element of a transportation polytope

U(r,e) ={Q eRE*N |Ql=r, Q"1 =¢}, r=1/K, c=1/N. )

where 1 are vectors of ones, and r and ¢ the marginal projections of matrix () onto its clusters and
data indices, respectively. Finally, optimizing E(P, Q) w.r.t. to @ € U(r,c) is a linear optimal
transport problem, for which [21] provides a fast, matrix-vector multiplication based solution.

3.2 Clustering with arbitrary prior distributions

A shortcoming of the algorithm just described is the assumption that all clusters are equally proba-
ble. This avoids converging to degenerate cases but is too constraining in practice since real datasets
follow highly skewed distributions [1, 41], and even in datasets that are collected to be uniform, they
are not completely so [17, 41, 68]. Furthermore, knowledge of the data distribution, for example
long-tailedness, can be used as additional information (e.g. as in [61] for meta-learning) that can im-
prove the clustering by allocating the right number of data points to each cluster. Next, we describe
a mechanism to change this distribution arbitrarily.

In the algorithm above, changing the label prior amounts to choosing a different cluster marginal r
in the polytope U(r, ¢). The difficulty is that 7 is only known up to an arbitrary permutation of the
clusters, as we do not know a-priori which clusters are more frequent and which ones less so. To
understand how this issue can be addressed, we need to explicitly write out the energy optimised by
the Sinkhorn-Knopp (SK) algorithm [21] to solve the optimal transport problem. This energy is:

1
i —log P) + =~ KL T 3
Qé?ﬁ(?,@@’ og P) + 3 @Qllre ), 3)

where ) is a fixed parameter. Let v’ = Rr where R is a permutation matrix matching clusters to
marginals. We then seek to optimize the same quantity w.r.t. R, obtaining the optimal permutation
as R* = argminy F(R) where

E(R) =(Q,—1log P) + }\KL(QHRT‘CT) = const + Z q(y) [Rlogr]y. 4)
y

While there is a combinatorial number of permutation matrices, we show that minimizing Eq. (4)
can be done by first sorting classes y in order of increasing q(y), so thaty > y' = q(y) > q(3/'), and



then finding the permutation that R that also sorts [R log ], in increasing order.* We conclude that
R cannot be optimal unless it sorts all pairs. After this step, the SK algorithm can be applied using
the optimal permutation R*, without any significant cost (as solving for R is equivalent to sorting
O(Klog K) with K < N). The advantage is that it allows to choose any marginal distribution,
even highly unbalanced ones which are likely to be a better match for real world image and video
classes than a uniform distribution.

3.3 Multi-modal single labelling

Next, we tackle our second requirement of extracting as much information as possible from multi-
modal data. In principle, all we require to use the clustering formulation Eq. (1) with multi-modal
data ¢ = (a,v) is to design a corresponding multi-modal representation ¥(x) = ¥(a, v). However,
we argue for multi-modal single labelling instead. By this, we mean that we wish to cluster data one
modality at a time, but in a way that is modality agnostic. Formally, we introduce modality splicing
transformations [60] t,(x) = a and t,(x) = v and use these as data augmentations. Recall that
augmentations are random transformations ¢ such as rotating an image or distorting an audio track
that one believes should leave the label/cluster invariant. We thus require our activations used for
clustering to be an average over augmentations by replacing matrix log P with

[log Ply; = E¢[log softmax, ¥(tx;)]. (6)

If we consider splicing as part of the augmentations, we can learn clusters that are invariant to
standard augmentations as well as the choice of modality. In practice, to account for modality
splicing, we define and learn a pair ¥ = (¥, ¥,,) of representations, one per modality, resulting in
the same clusters (U, (t,(x)) ~ U, (¢,(x))). This is illustrated in Figure 1.

Initialization and alignment. Since networks ¥, and ¥, are randomly initialized, at the begin-
ning of training their output layers are de-synchronized. This means that there is no reason to believe
that U, (¢, (x))) ~ U, (t,(x)) simply because the order of the labels in the two networks is arbi-
trary. Nevertheless, in many self-supervised learning formulations, one exploits the fact that even
randomly initialized networks capture a useful data prior [71], which is useful to bootstrap learning.

In order to enjoy a similar benefit in our formulation, we propose to synchronise the two output
layers of ¥, and U, before training the model. Formally, we wish to find the permutation matrix
R that, applied to the last layer of one of the two encoders maximizes the agreement with the other
(still leaving all the weights to their initial random values). For this, let W, and W, be the last layer
weight matrices of the two networks,” such as ¥, (a) = W,¥,(a) and ¥, (v) = W, ¥, (v). We find
the optimal permutation R by solving the optimisation problem:

N
min > |softmax(RW, W4 (ta(:))) — softmax(W, B, (£, (2:)))] , (7)
i=1

In order to compare softmax distributions, we choose |- | as the 1-norm, similar to [33]. We optimize
Eq. (7) with a greedy algorithm: starting with a feasible solution and switching random pairs when
they reduce the cost function [20], as these are quick to compute and we do not require the global
minimum. Further details are given in Appendix A.3. With this permutation, the weight matrix of
the last layer of one network can be resorted to match the other.

Decorrelated clustering heads. Conceptually, there is no single ‘correct’ way of clustering a
dataset: for example, we may cluster videos of animals by their species, or whether they are taken
indoor or outdoor. In order to alleviate this potential issue, inspired by [6, 37], we simply learn

*To see why this is optimal, and ignoring ties for simplicity, let R be any permutation and construct a
permutation R by applying R and then by further swapping two labels y > y’. We can relate the energy of R
and R as:

E(R) = E(R) +q(y)[Rlogr]y + q(y)[Rlogr], — q(y)[Rlogr], — q(y')[Rlogr],
= E(R) + (a(y) — q(y")) ([Rlog ], — [Rlog7],).
Since the first factor is positive by assumption, this equation shows that the modified permutation R has a lower

energy than R if, and only if, [Rlog ], > [Rlog ]/, which means that R sorts the pair in increasing order.
>We assume that the linear layer biases are incorporated in the weight matrices.

(&)



multiple labelling functions ¥, using multiple classification heads for the network. We improve this
scheme as follows. In each round of clustering, we generate two random augmentations of the data.
Then, the applications of SK to half of the heads (at random) see the first version, and the other half
the second version, thus increasing the variance of the resulting clusters. This increases the cost of
the algorithm by only a small amount — as more time is used for training instead of clustering.

4 Experiments

The experiments are divided into three parts. First, in Section 4.1, we analyze the need for using
both modalities when clustering and investigate the effect of our individual technical contributions
via ablations and comparison to other approaches. Second, in Section 4.2, we demonstrate how our
method achieves its stated goal of labelling a video dataset without human supervision. Third, in
Section 4.3, we show that a side effect of our method is to learn effective audio-visual representations
that can be used for downstream tasks e.g.video action retrieval, establishing a new state of the art.

Datasets. While the goal and target application of this work is to group unlabelled video datasets,
for analysis purposes only, we use datasets that contain human annotated labels. The datasets range
from small- to large-scale: The first is the recently released VGG-Sound [17], which contains
around 200k videos obtained in the wild from YouTube with low labelling noise and covering 309
categories of general classes. The second dataset is Kinetics-400 [41], which contains around 230k
videos covering 400 human action categories. Third, we test our results on Kinetics-Sound pro-
posed in [3], formed by filtering the Kinetics dataset to 34 classes that are potentially manifested
visually and audibly, leading to 22k videos. Lastly, we use the small-scale AVE Dataset [68], orig-
inally proposed for audio-visual event localization and containing only around 4k videos. Among
these, only VGG-Sound and Kinetics-400 are large enough for learning strong representations from
scratch. We therefore train on these datasets and unsupervisedly finetune the VGG-Sound model on
Kinetics-Sound and AVE.

Training details. Our visual encoder is a R(2+1)D-18 [70] network and our audio encoder is a
ResNet [32] with 9 layers. For optimization, we use SGD for 200 epochs with weight decay of 107>
and momentum of 0.9, further implementation details are provided in Appendix A.2.

Table 1: Architectures and pretraining datasets. We use state-of-the-art representation learning
methods and combine pretrained representations with k-means as baselines in the Tables 5a to 5d.

Method Input shape  Architecture  Pretrain dataset
Supervised 32x3x112x 112 R(2+1)D-18  Kinetics-400
DPC [30] 40 x 3 x 224 x 224 R3D-34 Kinetics-400
MIL-NCE [52] 32 x 3 x 224 x224 S3D HowTo1l00M
XDC [2] 32 x 3 x 224 x 224 R(2+1)D-18  Kinetics-400

Baselines. To compare our method on this novel task of clustering these datasets, we obtained
various pretrained video representations (DPC [30], MIL-NCE [52]and XDC [2]), both supelrvised6
and self-supervised (see Table 1 for details). For comparison, following [79], we run k-means on
the global-average-pooled features, setting % to the same number of clusters as our method to ensure
a fair comparison. For the k-means algorithm, we use the GPU accelerated version from the Faiss
library [40].

Evaluation. We adopt standard metrics from the self-supervised and unsupervised learning lit-
erature: the normalized mutual information (NMI), the adjusted rand index (ARI) and accuracy
(Acc) after matching of the self-supervised labels to the ground truth ones (for this we use the
Kuhn-Munkres/Hungarian algorithm [45]). We also report the mean entropy and the mean maximal
purity per cluster, defined in Appendix A.4, to analyze the qualities of the clusters. For comparability
and interpretability, we evaluate the results using the ground truth number of clusters — which usually
is unknown — but we find our results to be stable w.r.t. other number of clusters (see Appendix).

%The R(2+1)D-18 model from PyTorch trained on Kinetics-400 [41] from https://github.com/
pytorch/vision/blob/master/torchvision/models/video/resnet.py.
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served for obtaining a strong set of labels for VGG-Sound. 50.0
Our method combines both modalities effectively to yield

accurracies beyond a single modality and other methods. 47.5
= 45.0
Method 4 @ NMI ARI Acc. (H) (pmax) 2
Random X « 102 40 22 49 35 423
Supervised X v 465 156 243 29 308 40.0
DPC X /154 07 32 47 49 375
MIL-NCE X v 485 125 220 26 329
XDC X v 167 10 39 45 64 1 4 8 16
v/ X 140 08 29 46 44 Compression Multiplier
o/ 181 12 45 441 74 Figure 2: Effective use of multi-
SeLaVi X v 528 19.7 30.1 26 356 modality is found for our method
v X 475 152 265 2.8 329 when the visual input is compressed
v/ /567 225 323 24 380 and decompressed.
Table 3: Ablation of multi-modality, Table 4: Retrieval via various number of
Modality Alignment and Gaussian marginals. nearest neighbors.
Decorrelated Heads. Models are evaluated at
100 epochs on the VGG-Sound dataset. HMDB UCF
Method [ (4) @) MA? G.2 DH? NMI ft.-Acc Recal@ 1 5 20 1 5 20
(a) SeLa v/ X —  _ 201 59 3D-Puzzle [42] - - - 19.7 285 40.0
OPN [46] - = = 199 28.7 40.6
(b) Concat X v - X X 247 16
(c)SeLaVi X v/ X X X 519 275 ST Order [12] - - — 257 362 49.2
ClipOrder [78] 7.6 22.9 48.8 14.1 30.3 51.1
(d) SeLaVi X v X v v 526 218 SpeedNet [11] - - - 13.0 28.1 49.5
(e) SeLaVi X v v X v 527 280 VCP [51] 7.6 24.4 53.6 18.6 33.6 53.5
(f) SeLaVi X v v /X 524 213 VSP [19] 10.3 26.6 54.6 24.6 41.9 76.9
(g) SeLaVi X v v v v 532 287 SeLaVi 24.8 47.6 75.5 52.0 68.6 84.5

4.1 Technical Analysis

Multi-modality. In order to shed light on the nature of labelling a multi-modal dataset, we provide
a detailed study of the use and combination of modalities in Table 2. While visual-only methods
such as the Kinetics-400 supervisedly pretrained model, MIL-NCE or DPC cannot work when only
audio-stream (4)) is provided, we show the results for XDC and our method when a single or both
modalities are provided. In particular, we find that even when only the visual-stream (@) is present
at test-time, our method (57% NMI) already outperforms methods solely developed for represen-
tation learning, even surpassing the 100M videos with transcripts trained MIL-NCE (49% NMI).
When only the audio-stream is used, our method’s performance drops only slightly, congruent with
the balanced informativeness of both modalities in our method. Finally, when both modalities are
used, we find that our method profits from both, such that the combined performance is significantly
higher than the maximal performance of each single modality alone.

Degraded modality. In Fig. 2, we analyze how well our method fares when the quality of one
modality is reduced. For this, we compress the video-stream by down and upsampling of the video
resolution by factors 1, 4, 8 and 16 (details are provided in Appendix A.5). Even though our method
has not been trained with compressed videos, we find that its performance degrades more gracefully
than the baselines indicating it has learned to rely on both modalities.

Ablation. Next, we ablate the key parameters of our method and show how they each contribute to
the overall clustering quality in Table 3. First, we show a baseline model in Table 3(a), when naively
applying the publically available source-code for SeLa [6] on video frames (), this yields a NMI
of 20%. Compared to this frame-only method, in row (b), we find the results for concatenating the
features of both modalities (followed by a single clustering head) to only lead to a small improve-
ment upon the frame-only method with a NMI of 25%. Our method is shown in row (c), where we



Table 5: Unsupervised labelling of datasets. We compare labels from our method to labels that are
obtained with k-means on the representations from a supervised and various unsupervised methods
on four datasets.

(a) VGG-Sound. (b) AVE.
Method NMI ARI Acc. (H) (Pmax) Method NMI ARI Acc. (H) (Pmax)
Random 102 40 22 49 35 Random 92 13 93 29 126
Supervised 46.5 15.6 243 29 30.8 Supervised 58.4 34.8 505 1.1 60.6
DPC 154 07 32 47 49 DPC 184 50 151 27 175
XDC 181 12 45 441 74 XDC 171 6.0 164 26 19.1
MIL-NCE 485 125 220 2.6 329 MIL-NCE 563 303 426 12 57.1
SeLaVi 56.7 225 323 24 38.0 SeLaVi 644 43.0 548 12 58.6

(c) Kinetics. (d) Kinetics-Sound.
Method  NMI ARI Acc. (H) (pmax) Method ~ NMI ARI Acc. (H) (pmax)
Random 11.1 02 1.8 5.1 33 Random 28 05 59 33 8.3
Supervised 70.5 43.4 549 1.6 622 Supervised 81.7 663 750 0.5 854
DPC 16.1 0.6 27 49 39 DPC 88 22 96 31 136
XDC 172 08 34 47 62 XDC 75 19 94 31 136
MIL-NCE 489 125 235 2.7 33.7 MIL-NCE 47.5 240 378 15 51.0
SeLaVi 249 25 66 44 87 SeLaVi 50.2 314 432 1.7 48.1

find a substantial improvement with a NMI of 52%, i.e. a relative gain of more than 100%. While
part of the gain comes from multi-modality, especially compared to row (b), the largest gain comes
from the ability of our method in exploiting the natural correspondence provided in the multi-modal
data. Finally, by ablating the technical improvements in rows (d)-(f) we find the strongest gain to be
coming decorrelated heads, followed by the audio-visual modality alignment (MA) procedure, and
that each improvement indeed benefits the model. To analyze the gains obtained by using multiple
heads, we have also computed the average NMI between all pairs of heads as (77.8 & 4%). This
means that the different heads do learn fairly different clusterings (as NMI takes permutations into
account) whilst being at a similar distance to the ‘ground-truth’ (53.1 £ 0.1%).

4.2 Unsupervised labelling audio-visual data

Table 5 shows the quality of the labels obtained automatically by our algorithm. We find that for
the datasets VGG-Sound, Kinetics-Sound, and AVE, our method achieves state-of-the-art cluster-
ing performance with high accuracies of 32%, 43%, 55%, even surpassing the one of the strongest
video feature encoder at present, the manually-supervised R(2+1)D-18 network. This result echoes
the findings in the image domain [72] where plain k-means on representations is found to be less
effective compared to learning clusters. For Kinetics-400, we find that the clusters obtained from
our method are not well aligned to the human annotated labels. This difference can explained by the
fact that Kinetics is strongly focused on visual (human) actions and thus the audio is given almost
no weighting in the annotation. We encourage exploring our interactive material, where our method
finds clusters grouped by similar background music, wind or screaming crowds. We stress that such
a grouping is ipso facto not wrong, only not aligned to this set of ground truth labels.

4.3 Labelling helps representation learning

Finally, we show how the visual feature representations unsupervisedly obtained from our method
perform on downstream tasks. While not the goal of this paper, we test our representation on a stan-
dardized video action retrieval task in Table 4 and also provide results on video action classification
in Table A.3, and refer to the Appendix for implementation details. We find that in obtaining strong
labels, our method simultaneously learns robust, visual representations that can be used for other
tasks without any finetuning and significantly improve the state of the art by over 100% for Recall
@1 on UCF-101 and HMDB-51.



5 Conclusion

In this work, we have established strong baselines for the problem of unsupervised labelling of
several popular video datasets; introduced a simultaneous clustering and representation learning ap-
proach for multi-modal data that outperforms all other methods on these benchmarks; and analysed
the importance of multi-modality for this task in detail. We have further found that strong represen-
tations are not a sufficient criterion for obtaining good clustering results, yet, the strongest feature
representations remain those obtained by supervised, i.e. well-clustered training. We thus expect the
field of multi-modal clustering to be rapidly adopted by the research community who can build upon
the presented method and baselines.

Broader Impact

We propose a method for clustering videos automatically. As such, we see two main areas of poten-
tial broader impact on the community and society as a whole.

Few-label harmful content detection. Our method clusters a video dataset into multiple sets of
similar videos, as evidenced by the audio- and visual-stream and produces consistent, homogenous
groupings. In practice, unsupervised clustering is especially useful for reducing the amount of data
that human annotators have to label, since for highly consistent clusters only a single label needs
to be manually obtained which can be propagated to the rest of the videos in the cluster. Using
such an approach for the purpose of detecting harmful online content is especially promising. In
addition, label-propagation might further lead to a beneficial reduction of type I errors (saying a
video is safe when it is not). Furthermore, the multi-modality of our method allows it to potentially
detect harmful content that is only manifested in one modality such as static background videos
of harmful audio. Multi-modal harmful content detection has also been a subject of a recent data
challenge that emphasizes insufficiency of using a single modality’. Lastly, the generality of our
method allows it to also scale beyond these two modalities and in the future also include textual
transcripts. Given the importance of this topic, it is also important to acknowledge, while less of a
direct consequence, potential biases that can be carried by the dataset. Indeed models trained using
our method will inherit the biases present in the dataset, which could be known but also unknown,
potentially leading to propagation of biases without a clear way to analyze them, such as via labels.
However, given the numerous pitfalls and failures when deploying computer vision systems to the
real world, we believe that the positive impact of foundational research on public datasets, such as
is presented in this paper, far outweighs these risks lying further downstream.

Overestimating clustering quality. The main benefit of our approach is to reduce the cost of
grouping large collections of video data in a ‘meaningful’ way. It is difficult to think of an applica-
tion where such a capability would lead directly to misuse. In part, this is due to the fact that better
clustering results can generally be obtained by using some manual labels, so even where cluster-
ing videos could be misused, this probably would not be the method of choice. Perhaps the most
direct risk is that a user of the algorithm might overestimate its capabilities. Clustering images is
sometimes done in critical applications (e.g. medical science [36, 38, 50]). Our method clusters data
based on basic statistical properties and the inductive prior of convolutional neural networks, with-
out being able to tap into the deep understanding that a human expert would have of such domain
expertise. Hence, the clusters determined by our method may not necessarily match the clusters an
expert would make in a particular domain. Further, as the method is unsupervised, it may learn to
exploit biases present in the data that might not be desired by the users. While we believe it has
potential to be broadly applied after being finetuned to a specific domain, at present, our method is
a better fit for applications such as indexing personal video collections where clustering ‘errors’ can
be tolerated.
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A Appendix

A.1 Pretrained model details

Here we provide additional information about the pretrained models we have used in this work.

Table A.1: Details for audio encoder. Architectural and pretraining details for XDC’s audio en-
coder used for benchmarking.

Method Input shape Architecture  Pretrain dataset
XDC 40 x 1 x 100  Resnet-18 Kinetics-400

A.2 Implementation details

We train our method using the Sinkhorn-Knopp parameter A = 20, an inverse quadratic clustering
schedule with 100 clustering operations and 10 heads which we adopt from [6]. For evaluation, we
report results for head 0 to compare against the ground-truth, as we found no significant difference
in performance between heads. For the Gaussian distribution, we take the marginals to be from
N (1,0.1) « N/K. For the clustering-heads, we use two-layer MLP-heads as in [8, 18]. The video
inputs are 30 frame long clips sampled consecutively from 30fps videos and are resized such that
the shorter side is 128 and during training a random crop of size 112 is extracted, no color-jittering
is applied. Random horizontal flipping is applied to the video frames with probability 0.5, and
then the channels of the video frames are Z-normalized using mean and standard deviation statistics
computed across the dataset. The audio is processed as a 1 x 257 x 199 image, by taking the log-
mel bank features with 257 filters and 199 time-frames and for training, random volume jittering
between 90% and 110% is applied to raw waveform, similar to [54]. For evaluation, a center-crop
is taken instead for the video inputs and audio volume is not jittered. We use a mini-batch size of
16 on each of our 64 GPUs giving an effective batch size of 1024 for distributed training for 200
epochs. The initial learning rate is set to 0.01 which we linearly scale with the number of GPUs, after
following a gradual warm-up schedule for the first 10 epochs [28]. For training on Kinetics-Sound
and AVE, we initialize our model with a VGG-Sound pretrained backbone due to the small training
set sizes (/N = 22k and N = 3328). The clustering heads are re-initialized randomly. This ensures
a more fair comparison as XDC, DPC and the supervised model are pretrained on Kinetics-400 with
N = 230k and MIL-NCE on HowTo100M with N = 100M videos. We train on VGG-Sound for
200 epochs, which takes around 2 days.

A.3 Pair-based optimization for AV-Alignment

For aligning the visual and audio encoder, we use a greedy switching algorithm that starts from a
feasible initial solution [23, 24, 62]. In particular, we consider 50000 potential pair switches with 5
randomized restarts and take the final permutation that yields the lowest cost.

A.4 Evaluation metrics details

The normalized mutual information (NMI) is calculated by the formula

MI(U, V)

NMI =
05H(U) +05H(V)

®)

where the Mutual information MI is given by MI(U,V) = Z‘Zzll le‘gl P(i,j)log (%),

and H is the standard entropy, with H(U) = — lell P(i)log(P(4)). The NMI ranges from 0 (no
mutual information) to 100%, which implies perfect correlation.

The rand index (RI) is given by RI = ‘%rb, where a, b are the number of pairs of elements that are
in the same/different set in the ground truth labelling and in the same/different set in the predicted
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clustering and C is the total number of such pairs. The adjusted Rand index (ARI) corrects for
random assignments and is given by

RI — E[RI]
max(RI) — E[R]]’
where the expected RI of a random label assignment is subtracted in both nominator and denomi-

nator. Due to the subtraction, the ARI varies from -1 to 1 with a value close to 0 implying random
correlation and a value of 1 implying identical agreement.

ARI = &)

The mean entropy per cluster is given by

(H) = % 3 Hiplylie = b)), (10)

keK

where ¢ are unsupervisedly obtained clusters and p(y|gx = k) is the distribution of ground-truth
clusters for cluster k. Hence, the optimal number of this metric is 0 and a chance assignment yields
(Hy =—1ogl/K.

Further, as we wish to understand the semantic purity compared to the ground truth labels of each
cluster, so we additionally report the the mean maximal purity per cluster,

1
<pmax> = ? Z max(p(y@k = k))a (1)
keK

which ranges from (py,.x) = 1/K (chance level) to perfect matching at (pyax) = 100%.

A.5 Single modality degradation experiment details

We use the default input-sizes for each model, i.e. 112 for ours and the supervised model, 224
for MIL-NCE. Compression is implemented by nearest-neighbor downsampling and subsequently
nearest-neighbor upsamling for speed. For this experiment only, we evaluate the performance on the
smaller validation sets.

A.6 Further ablations

In Table A.2, we provide the results for varying the number of clusters K in our algorithm. We
find that even when moving from the ground-truth number of classes (K = 309), to lower numbers
(K = 256) or higher estimates (KX = 619,1024) our results remain stable with the NMI staying
almost constant. While the ARI does drop for larger K, we also observe an increase in the purity of
the clusters for a larger number of clusters from (ppax) = 38.0 for K = 309 t0 (pmax) = 42.7 for
K = 619, which can be particularly useful when dividing the dataset into clusters and subsequently
only obtaining human annotations for few examples per cluster.

Table A.2: Varying K in our method degrades performances only slightly, showing that our method
is robust to various estimations of the ground-truth number of classes. Results on VGG-Sound.

Method K NMI ARI Acce. (H) (pmax)
SeLaVi 309 56.7 225 323 24 380

SeLaVi 256 56.8 243 342 24 369
SeLaVi 619 569 168 23.0 22 427
SeLaVi 1024 55.1 163 9.6 2.1 422

A.7 Retrieval downstream task implementation details

We follow [78] in our evaluation protocol and use split 1 of UCF101 and HMDB-51. We uniformly
sample 10 clips per video, and average the max-pooled features after the last residual block for each
clip per video. We then utilize the averaged features from the validation set to query the videos in
the training set. The cosine distance of representations between the query clip and all clips in the
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training set are computed and when the class of a test clip appears in the classes of k nearest training
clips, it is considered to be correctly retrieved. R@Fk refers to the retrieval performance using k
nearest neighbors.

A.8 Visual classification downstream task

Table A.3: Representation learning downstream evaluation. Self-supervised and fully-
supervised trained methods on UCF101 and HMDBS51 benchmarks. We follow the standard pro-
tocol and report the average top-1 accuracy over the official splits and show results for finetuning
the whole network. Methods with T indicate the additional use of video titles and ASR generated
text as supervision. Methods with * use ASR generated text.

Method Architecture Pretrain Dataset  Top-1 Acc%
UCF HMDB
Full supervision [2] R(2+1)D-18 ImageNet 82.8 46.7
Full supervision [2] R(2+1)D-18 Kinetics-400 93.1 63.6
Weak supervision, CPD [49]1 3D-Resnet50 Kinetics-400 88.7 57.7
MotionPred [73] C3D Kinetics-400 612 334
RotNet3D [39] 3D-ResNet18 Kinetics-600 629 337
ST-Puzzle [42] 3D-ResNet18 Kinetics-400 65.8 337
ClipOrder [78] R(2+1)D-18 Kinetics-400 72.4 309
DPC [30] 3D-ResNet34 Kinetics-400 757 35.7
CBT [66] S3D Kinetics-600 79.5 44.6
Multisensory [58] 3D-ResNet18 Kinetics-400 82.1 -
XDC [2] R(2+1)D-18 Kinetics-400 842 47.1
AVTS [43] MC3-18 Kinetics-400 85.8 56.9
AV Sync+RotNet [76] AVSlowFast Kinetics-400 87.0 54.6
GDT [60] R(2+1)D-18 Kinetics-400 88.7 57.8
SeLaVi R(2+1)D-18 Kinetics-400 83.1 47.1
SeLaVi R(2+1)D-18 VGG-Sound 87.7 53.1

In Table A.3 we show the performance of our method on two common visual-only video feature
representation benchmarks, UCF-101 [65] and HMDB-51 [44]. Note that, as is the standard in
this evaluation, we use our visual encoder as initialization and fine-tune the whole network on the
target down-stream task. In particular, we follow the finetuning schedule of the one of the current
state-of-the-art methods [60]. We find that we achieve competitive performance when trained on
VGG-Sound, even surpassing XDC, despite our method using only a spatial resolution of 112 x 112
and not 224 x 224.
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ABSTRACT

The dominant paradigm for learning video-text representations — noise contrastive
learning — increases the similarity of the representations of pairs of samples that
are known to be related, such as text and video from the same sample, and pushes
away the representations of all other pairs. We posit that this last behaviour is too
strict, enforcing dissimilar representations even for samples that are semantically-
related — for example, visually similar videos or ones that share the same depicted
action. In this paper, we propose a novel method that alleviates this by leveraging
a generative model to naturally push these related samples together: each sample’s
caption must be reconstructed as a weighted combination of other support sam-
ples’ visual representations. This simple idea ensures that representations are not
overly-specialized to individual samples, are reusable across the dataset, and re-
sults in representations that explicitly encode semantics shared between samples,
unlike noise contrastive learning. Our proposed method outperforms others by a
large margin on MSR-VTT, VATEX, ActivityNet, and MSVD for video-to-text
and text-to-video retrieval.

1 INTRODUCTION

Noise contrastive learning (Gutmann & Hyvirinen, 2010) is emerging as one of the best ap-
proaches to learn data representations both for supervised (Khosla et al., 2020) and unsupervised
regimes (Chen et al., 2020c). The idea is to learn a representation that discriminates any two data
samples while being invariant to certain data transformations. For example, one might learn a repre-
sentation that identifies a specific image up to arbitrary rotations (Misra & van der Maaten, 2020). In
a multi-modal setting, the transformations can separate different modalities, for example, by extract-
ing the audio and visual signals from a video. The resulting noise contrastive representation asso-
ciates audio and visual signals that come from the same source video, differentiating others (Patrick
et al., 2020).

The noise contrastive approach is motivated by the fact that the transformations that are applied to
the data samples leave their ‘meaning’ unchanged. For example, rotating an image does not change
the fact that it contains a cat or not (Gidaris et al., 2018). However, in most cases, we expect to
find many data samples that share the same content without being necessarily related by simple
transformations (e.g. think of any two images of cats). Existing noise contrastive formulations are
unaware of these relationships and still try to assign different representations to these samples (Wu
et al., 2018), despite the fact that they are semantically equivalent. If the representation is learned
for a downstream task such as semantic video retrieval, this might degrade performance.

This suggest that there might be other learning signals that could complement and improve pure
contrastive formulations. In this paper, we explore this idea in the case of learning from two modali-

*Joint first authors.
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Fig. 1: Cross-modal discrimination and cross-captioning. Our model learns from two comple-
mentary losses: (a) Cross-modal contrastive learning learns strong joint video-text embeddings,
but every other sample is considered a negative, pushing away even semantically related captions
(orange arrows). (b) We introduce a generative task of cross-captioning, which alleviates this by
learning to reconstruct a sample’s text representation as a weighted combination of a support-set,
composed of video representations from other samples.
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ties: videos and text, in the form of video transcripts or captions. Given a state-of-the-art contrastive
formulation that learns from these two modalities, we investigate complementary pretext objectives
to improve it. First, we consider the (instance) captioning task, namely mapping a video to the
corresponding text, casting this as a conditional stochastic text generation problem. We show that
this brings only a modest benefit.

We observe that the captioning task is highly sample-specific, as the goal is to produce a caption
which describes a specific video and not any other video, and thus it suffers from the same disad-
vantages (discouraging concept sharing among samples) as contrastive learning. Thus, we propose
to address this issue by switching to a different text generation task. The idea is to modify the text
generator to take as input a learnable mixture of a support-set of videos, which we call cross-instance
captioning. The mixture weights are generated by comparing the learned video representations to
captions’ representations in an online way over the batch. The limited set of support samples acts
as a bottleneck that encourages extraction of shared semantics. In this manner, the embeddings can
associate videos that share similar captions even if the contrastive loss tries to push them apart.

We show that, when the captioning task is added in this manner, it brings a sensible improvement to
already very strong video representation learning results, further improving our own state-of-the-art
baseline by a significant margin.

2 RELATED WORKS

Learning data representations from unlabelled data has been a long standing goal of machine learn-
ing. These approaches are called “self-supervised learning” because the learning signals, termed
pretext tasks, are obtained from the data itself. In the image and video domain, pretext tasks include
colorization (Zhang et al., 2016), rotation (Gidaris et al., 2018), or clustering (Asano et al., 2020a;b;
Caron et al., 2018; Ji et al., 2018), while in the natural language domain, masked language model-
ing (Devlin et al., 2019), and next word prediction (Mikolov et al., 2013; Pennington et al., 2014)
are extremely popular. These pretext tasks can be broadly classified into two classes: generative and
discriminative.

Discriminative approaches learn representations by differentiating input samples, using objectives
such as the contrastive loss (Gutmann & Hyvérinen, 2010; Hadsell et al., 2006). Discriminative
approaches have proven to be particularly successful for image (Chen et al., 2020c; He et al., 2020;
Misra & van der Maaten, 2020; Wu et al., 2018) and video (Han et al., 2019; Morgado et al., 2020;
Patrick et al., 2020) representation learning. Generative approaches, on the other hand, try to re-
construct its input. GANs (Donahue & Simonyan, 2019; Goodfellow et al., 2014; Radford et al.,
2015), autoencoders (Hinton & Salakhutdinov, 2006) and sequence-to-sequence models (Sutskever
et al., 2014) are popular generative models. In this work, we show the importance of combining
both discriminative and generative objectives to learn effective video-text representations.

The success of representation learning has also been due to advances in model architectures, such as
the Transformer (Vaswani et al., 2017). BERT (Devlin et al., 2019) demonstrated that a transformer
architecture pretrained on large-scale textual data can learn transferable text representations that can
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Fig. 2: (a) Our cross-modal framework with the discriminative (contrastive) objective and the gen-
erative objective. The model learns to associate video-text pairs in a common embedding space with
text and video encoders (top). Meanwhile, the text must also be reconstructed as a weighted com-
bination of video embeddings from a support-set (bottom), selected via attention, which enforces
representation sharing between different samples. (b) Weights matrices (attention maps) used in
each cross-captioning objective (see section 3.1.2).

be fine-tuned on a variety of downstream tasks. Subsequent works (Clark et al., 2020; Lewis et al.,
2020a;b; Radford et al., 2019; Raffel et al., 2019) have improved upon the transformer architecture
or training objective to learn even better representations. Inspired by the success of transformers
in the NLP domain, several works have leveraged transformers to learn transferable image (Chen
et al., 2020a; Desai & Johnson, 2020; Sariyildiz et al., 2020) or multi-modal image-text representa-
tions (Chen et al., 2019; Li et al., 2020a; 2019; Lu et al., 2019; Su et al., 2019; Tan & Bansal, 2019).
In this work, we leverage the transformer architecture to better encode and represent text and video.

Large-scale training data has enabled the more effective pretraining of image (Sun et al., 2017;
Yalniz et al., 2019), video (Ghadiyaram et al., 2019; Thomee et al., 2016) and textual representa-
tions (Raffel et al., 2019). The release of the HowTo100M dataset (Miech et al., 2019), a large-scale
instructional video dataset, has spurred significant interest in leveraging large-scale pretraining to
improve video-text representations for tasks such as video question-answering (Lei et al., 2018),
text-video retrieval (Liu et al., 2019) and video captioning (Zhou et al., 2018b) on smaller datasets
such as YouCookII (Zhou et al., 2018a), MSVD (Venugopalan et al., 2015a), MSR-VTT (Xu et al.,
2016), LSMDC (Rohrbach et al., 2017), DiDeMo (Hendricks et al., 2018) and ActivityNet (Krishna
et al., 2017). Although semantically rich and diverse, instructional videos from the web are super
noisy and therefore a few approaches have been proposed to combat this. A few works (Luo et al.,
2020; Sun et al., 2019a;b; Zhu & Yang, 2020) extend the BERT model to accept both visual and
textual tokens to learn high-level semantic video-text representations. Other works have leveraged
the contrastive loss (Miech et al., 2020) and show that using the raw audio (Alayrac et al., 2020;
Rouditchenko et al., 2020) and other modalities (Gabeur et al., 2020) can be used to better align
and improve video-text representations. While all these approaches rely on a contrastive objec-
tive, VidTranslate (Korbar et al., 2020) shows that a generative objective can also be used to learn
joint video-text representations. In contrast to Korbar et al. (2020), we show that combining con-
trastive and generative objectives to pre-train video-text representations on large-scale data such as
HowTo100M is very effective. The generative objective serves as regularizer to mitigate the strict-
ness of the instance discrimination task of the constrastive objective, showing benefits similar to
approaches such as clustering (Caron et al., 2020; Li et al., 2020b) and feature mixing (Kalantidis
et al., 2020) which have been applied in the image domain.

3 METHOD

We consider the problem of learning multimodal representations from a corpus C of video-text pairs
(v,t), where v is a video and ¢ is its corresponding text (caption or transcription). Our goal is to
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learn a pair of representation maps ¢, = ¥(v) and ¢; = ®(t), with outputs in a d-dimensional
embedding space c,, ¢; € R?, where semantically similar instances are close to each other.

3.1 OBIJECTIVE FOR LEARNING MULTIMODAL REPRESENTATIONS

We consider two learning objectives, also illustrated in Figure 1. The first is the contrastive objective,
pushing embeddings ¢; and ¢, to be close if text ¢ and video v come from the same sample and push-
ing them apart otherwise. This assumes that every sample is its own class and does not benefit from
modelling similiarities across instances. The second objective is generative captioning. In its most
basic variant, it maximizes the probability of generating the text ¢ given the corresponding video v.
However, we suggest that variants that explicitly promote concept sharing between instances will
result in better downstream performance, in tasks such as video retrieval. These variants, illustrated
in Figure 2, have in common that the caption ¢ is reconstructed from a learned weighted combina-
tion over other videos ©. This is a form of attention (Bahdanau et al., 2014) which encourages the
network to learn about which videos share similar semantics, compensating for the contrastive loss
and grouping them implicitly.

In the following, we denote with B C C a batch of multi-modal samples, i.e. a finite collection of
video-text pairs (¢,v) € C. For simplicity, we denote the batch as B = {(t,v")}2,}.

3.1.1 CONTRASTIVE OBJECTIVE

To define the contrastive objective, let s(a,b) = HaH IIbH be the similarity measure between vectors

a and b. Following Faghri et al. (2018), we adopt the hinge-based triplet ranking loss with hard
negative mining:

eontrast _ Z [Inax a—s(ch,cl) +s(ch, e } + max [ — s(ch, ch) + s(cl, c;,)]+ , (D

where « is the correlation margin between positive and negative pairs and [-]; = max{0, -} is the
hinge function. In our experiments, we set o = 0.2.

3.1.2 CROSS-CAPTIONING OBJECTIVES

In the conventional captioning, the decoder seeks to optimize the negative log-likelihood of a text
sequence t given its corresponding video v:

B
- 1 1 3 ‘
[Leaption _E E logp(tl\d;)' @
=1

Here, the log-likelihood is obtained via auto-regressive decoding (Vaswani et al., 2017) from an
intermediate video embedding ¢!, = ®’(v?). For the cross-captioning objective, we modify this loss
to condition the generation process on a weighted average of the embeddings of the other videos
in the batch, which we call the support-set. The weights themselves, which can be interpreted as a
batch-wise attention, are obtained as a softmax distribution with temperature 7" over batch indices
based on the video embeddings, as follows:

S €xXp Cta 1;>/T j
[CT0ss captioning _ _ — logp(tl |6 — . el
Z J; 2 kes, XP (ch,eh)/T

By default, the summation in the softmax is conducted over a support set S; containing all indices
except <. In the experiments, we consider the following attention types for reconstruction. Iden-
tity captioning (S; = {i}) generates the caption from the corresponding video and reduces to the
standard captioning objective, eq. (2). Full support (S; = {1, ..., B}) considers all videos as pos-
sible candidates for captioning. Hybrid captioning sets the weights in eq. (3) as the average of the
weights for identity captioning and full support. Cross-captioning (S; = {j # i}) considers all
but the video that one wishes to caption. This variant forces the network to extract all information
required for captioning from other videos in the batch. Figure 2 compares graphically these attention
mechanisms.

3)
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Considering both discriminative and generative objectives for learning multimodal representations,
our full objective is £ = LeONrast ) £eross-captioning "y here ) balances two objectives. We set A = 10
to ensure similar magnitudes for both losses in our experiments. In the training phase, we use
Adam (Kingma & Ba, 2015) to minimize our loss. At inference time, we directly use ®(¢) and ¥ (v)
to encode video and text representations for retrieval.

3.2 MODEL ARCHITECTURE

We now discuss the details of the encoders and decoder components in our architecture, illustrated
in fig. 2. For the fext decoder p(t|e,) in eq. (2) and (3), we use a pre-trained T-5 decoder (Raffel
et al., 2019).

For the video representation ¢, = ¥(v) = U"(¥’(v)), we use a video encoder e,, = ¥’ (v) followed
by a multi-layer transformer pooling head ¢, = ¥”(e,,). The encoder ¥’(v) concatenates the output
of pretrained ResNet-152 (He et al., 2016) and R(2+1)D-34 (Tran et al., 2018) networks applied to
individual video frames, resulting in a code e,, = [e,1 - - - €,07] where M is the maximum duration
of a video clip. For the pooling head ¢, = ¥”(e,), we consider a transformer architecture to
attend to important context and summarize it into a fixed-length representation c,. For this, we
follow MMT (Gabeur et al., 2020), but with two important differences. First, while MMT uses
7 expert features that results in 7x the sequence length, we only use a transformer to attend to
early-fused motion and appearance features as the video representation, thus significantly reducing
the sequence length and computational cost. Second, instead of stacking 6 transformer layers to
encode the visual stream as in MMT, we only use a shallow two-layer transformer architecture with
additional pre-encoders, further increasing model efficiency. As temporal 1D-convolutional neural
networks (CNNs) (LeCun et al., 1998) were shown to effectively capture temporal dependencies in
videos (Dong et al., 2019), we integrate CNNs into our transformer pooling heads to better capture
video temporal signals. In more detail, we compute ¢, = ¥”(e,) by chaining two transformer
layers, each of the type:

1(e) = BN(FFN(eqttn) + €atn); €arn = BN(MHA(f(e)) + f(e)). 4)

Here f is a pre-encoder that refines the video representation; we found empirically that a 1D CNN
works well for this purpose. Then, we apply multi-head self-attention (MHA) (Vaswani et al., 2017)
followed by a feed-forward network (FNN) with batch normalization (BN) (Ioffe & Szegedy, 2015).
The architecture maps the input sequence e, to a new ‘contextualized’ sequence of representation
vectors; we take the first one as c,,.

The text representation decomposes in the same way as ¢; = ®(t) = ®”(®’(t)). The text encoder
er = ®'(t) uses a pretrained T-5 network resulting in a code e; = [es - - - exn], Where N is the
maximum length of a sentence. The pooling head ¢; = ®”(e;) follows the same design as the video
case, but f is set to a recurrent neural network (RNN) instead of a CNN. Please refer to the appendix
for details.

In practice, for computational reasons, we use eq. (3) to finetune the parameters of all networks
except the video encoder ¥/ (v), which is fixed.

4 EXPERIMENTS

We validate empirically the ability of our method to learn better representations for the downstream
tasks of text-to-video and video-to-text retrieval. First, in sec. 4.2 we ablate various model com-
ponents on the MSR-VTT dataset. Then, in sec. 4.3 we show that our best model significantly
outperforms state-of-the-art retrieval systems on three datasets, MSR-VTT, ActivtyNet and VATEX.
Finally, in sec. 4.4 we analyse qualitatively the effect of the attention mechanism used during train-
ing.

4.1 EXPERIMENTAL SETUP

Datasets. HowTol00M (Miech et al., 2019) is a large-scale instructional video collection of 1.2
million YouTube videos, along with automatic speech recognition transcripts. We use this dataset
for our pre-training experiments. MSR-VTT (Xu et al., 2016) contains 10,000 videos, where each
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Table 2: Model Architecture and Training Details Ablation. Text— Video retrieval performance
on MSR-VTT. Recall@1, 5, and Median Recall are shown.

(a) Video Encoder. Stronger features and combina- (b) Feature Aggregation. Learning temporal atten-
tion improves performance. tion yields strong gains over pooling.
Feature source RQ11 RQ@51 MdR | Temporal reduction RQ1 + RQ5 1 MdR |
R-152 20.8  46.2 6.0 Max 21.8  49.5 8.0
R(2+1)D-34 23.7 532 4.0 Mean 22.5 513 6.0
R(2+1)D-34 +R-152 27.2 55.2 3.0 Multi-Head Attn 272 552 3.0
(c) Text Encoder. Stronger encoding of (d) Text Decoder. Stronger decoding of text im-
text improves retrieval. proves retrieval.
Text Encoder RQ1 1t RQ51 MdR | Text Encoder Text Decoder R@Q1 1 RQ5 1 MdR |
W2V (GloVe) 22.1  49.8 6.0 T5-Base T5-Small 26.2 542 3.0
T5-Small 24.5 51.2 3.0 T5-Base T5-Base 27.2 552 3.0
T5-Base 27.2 552 3.0

(e) Contrastive Loss. Inter-modal Triplet loss yields the best performance.

Contrastive RQ1 1 R@Q51 MdR |
InfoNCE (inter+intra) 10.7  28.5 15.0
InfoNCE (inter) 10.8  29.0 14.5
Triplet (inter+intra) 26.8 56.2 3.0
Triplet (inter) 27.2 55.2 3.0

(f) Support-set Size. Retrieval degrades when reconstructing from too small and too large sets.

Batch-size Memory bank
Size 8 16 32 64 128 256 512 2k 8k
R@1/5 18.5/45.6 20.7/49.9 25.2/54.6 27.2/55.2 28.0/56.1 26.9/55.0 25.3/53.5 26.8/54.7 26.2/52.7

video is annotated with 20 descriptions. We report results on the 1k-A split (9,000 training, 1,000
testing) as in Liu et al. (2019). VATEX (Wang et al., 2019) is a multilingual (Chinese and English)
video-text dataset with 34,911 videos. We use the official training split with 25,991 videos and
report on the validation split as in HGR (Chen et al., 2020b). The ActivityNet Caption (Krishna
et al., 2017) dataset consists of densely annotated temporal segments of 20K YouTube videos. We
use the 10K training split to train from scratch/ finetune the model and report the performance on
the 5K ‘vall’ split. The MSVD (Chen & Dolan, 2011) dataset consists of 80K English descriptions
for 1,970 videos from YouTube, with each video associated with around 40 sentences each. We use
the standard split of 1,200, 100, and 670 videos for training, validation, and testing (Liu et al., 2019;
Venugopalan et al., 2015b; Xu et al., 2015).

Evaluation Metrics. To measure the text-to-video and video-to-
text retrieval performance, we choose Recall at K (R@K) and Me-  Taple 1: Effect of learning
dian Rank (MedR), which are common metrics in information re-  ghjectives. Text— Video re-

trieval. trieval on MSR-VTT.

4.2 ABLATIONS RQ@1t RQ51 MdR|

None 259 53.0 4.0
In Tab. 2, we first only ablate the cross-modal retrieval part of our  Identity 26.4 51.9 4.0
network architecture, while the generative objectives are analysed  Full 25.8 539 3.0
in Tab. 1. Hybrid 26.0 54.8 3.0
Cross 272 552 30

Video Encoder. In Tab. 2a, we show the effect of the choice of
visual input features. We find that for text-to-video retrieval at Recall at 1 and 5 (RQ1, RQ@5),
features obtained from a video R(2+1)D-34 ResNet achieve 2.9% and 7.0% higher performance
compared to only image-frame based features from a ResNet-152. A further 3.5% and 2.0% can be
gained by concatenating both features, yielding the strongest M dR of 3.0%.
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Feature Aggregation. While the features from both video and image-based visual encoders have re-
duced spatial extent after a fully-connected layer, the temporal dimension can be reduced in various
ways. In Tab. 2b, we find that our multi-head, parameterized attention reduction yields strong gains
over the mean- or max-pooling baselines of over 4% for R@Q1. This shows that learning attention
over the temporal dimension of fixed feature sets can give strong gains even without fine-tuning the
encoder.

Text Encoder. In Tab. 2¢, we find decent gains of 2.7% and 0.4% for R@1,5 for using T5-base,
instead of T5-small. We do not use the T-5-Large model, as in Korbar et al. (2020), due to the
prohibitively large relative model size increase of +220%.

Text Decoder. In Tab. 2d, we find that using a larger text decoder gives a 1% increase in performance
when using the cross-captioning objective.

Contrastive Loss. To validate the choice of a triplet loss in eq. (1), in Tab. 2e, we compare the
results of the InfoNCE contrastive loss (Oord et al., 2018) with a triplet loss, with both the intra and
inter-intra modality variants. We find that InfoNCE (Oord et al., 2018) loss does not work well in
our case, likely due to the difficulty in tuning this loss to have the right combination of temperature
and batch-size.

Support-Set Size. Lastly, in Tab. 2f, we show the effect of the size of the support set used for
cross-instance captioning. We find that our reconstruction loss indeed acts as a bottleneck, with both
smaller and very large sizes degrading the performance.

Captioning Objective. In Tab. 1, we show the effect of the different variants of our learning objec-
tive eq. (3). First, we find that the naive addition of a reconstruction objective (“Identity’’) does not
improve the contrastive-only baseline (“None”) much. Considering reconstruction from other videos
improves the performance more. In particular, the “Hybrid” variant, which combines “Identity” and
“Full” (sec. 3.1.2) improves Recall at 1 and 5 from 25.9% and 53.0% to 26.0% and 54.8%, respec-
tively. However, the best result by far (27.2/55.2%) is obtained forcing captions to be reconstructed
only from other videos, via our cross-instance attention mechanism (“Cross”). This variant cannot
use information contained in a video to generate the corresponding caption and thus entirely relies
on the model to discover meaningful relationship between different videos. This newly-proposed
scheme seems to have the most beneficial effect for semantic retrieval.

Table 3: Retrieval performance on the MSR-VTT dataset. Models in the second group are
additionally pretrained on HowTo100M.

Text — Video Video — Text

RQI11T RQ51T RQ10t MdR] RQ11T RQ5t R@Q10TMdR|
Random Baseline 0.1 0.5 1.0 500.0 0.1 0.5 1.0 500.0
JSFusion (Yu et al., 2018) 10.2 31.2 43.2 130 — — — —
HT100M (Miech et al., 2019) 12.1 35.0 48.0 12.0 — — — -
JPoSE (Wray et al., 2019) 14.3 38.1 53.0 9.0 164 41.3 544 8.7
CE (Liu et al., 2019) 20.9 48.8 624 6.0 20.6 50.3 64.0 5.3
MMT (Gabeur et al., 2020) 24.6 54.0 67.1 4.0 244 56.0 67.8 4.0
Ours 27.4 56.3 67.7 3.0 26.6 551 67.5 3.0
VidTranslate (Korbar et al., 2020) 14.7 — 52.8 — — — — —
HT100M (Miech et al., 2019) 14.9 40.2 528 9.0 16.8 41.7 55.1 8.0
NoiseEstimation (Amrani et al., 2020) 17.4 41.6 53.6 8.0 — — — —
UniVL (Luo et al., 2020) 21.2 496 63.1 6.0 — - — —
AVLnet (Rouditchenko et al., 2020) 27.1 55.6 66.6 4.0 28.5 54.6 65.2 4.0
MMT (Gabeur et al., 2020) 26.6 57.1 69.6 4.0 27.0 57.5 69.7 3.7
Ours-pretrained 30.1 585 69.3 3.0 285 586 71.6 3.0

4.3 COMPARISON TO STATE-OF-THE-ART

In this section, we compare the results of our method to other recent text-to-video and video-to-text
retrieval approaches on various datasets. In Tab. 3 to 5, we show the results of our model applied
to text-to-video and video-to-text retrieval on MSR-VTT, VATEX, ActivityNet and MSVD with and
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Table 4: Retrieval performance on the VATEX dataset

Text —Video Video — Text
RQI1T RQ51T RQ10T MdR| RQ@11 R@5T RQ10T MdR]

Random Baseline 0.2 0.7 1.05 2000.5 0.02 0.1 1.02 2100.5
VSE (Kiros et al., 2014) 28.0 64.3 76.9 3.0 — — — —
VSE++ (Faghri et al., 2018) 33.7 70.1 81.0 2.0 — — — —
Dual (Dong et al., 2019) 31.1 674 789 3.0 — — — —
HGR (Chen et al., 2020b) 35.1 73.5 83.5 2.0 — — —
Ours 44.6 818 895 1.0 581 838 909 1.0

Ours-pretrained 459 824 904 1.0 61.2 852 91.8 1.0

Table 5: Retrieval performance on ActivityNet

Text — Video Video — Text

RQ11T RQ5T RQ50t MdR| RQ11 RQ5 1 RQ50t MdR|
Random Baseline 0.02 0.1 1.02 2458 0.02 0.1 1.02 2458
FSE(Zhang et al., 2018) 18.2 44.8 89.1 7.0 16.7 43.1 884 7.0
CE (Liu et al., 2019) 18.2 47.7 914 6.0 17.7 46.6 90.9 6.0
HSE (Zhang et al., 2018) 20.5 49.3 - — 187 48.1 — -
MMT (Gabeur et al., 2020) 227 542 932 50 229 54.8 93.1 4.3
Ours 26.8 58.1 935 3.0 255 573 935 3.0
MMT-pretrained (Gabeur et al., 2020) 28.7 61.4 94.5 3.3 289 61.1 943 4.0
Ours-pretrained 292 61.6 947 3.0 28.7 60.8 948 2.0

Table 6: Retrieval performance on the MSVD dataset

Text — Video Video —Text
RQ11 RQ51T RQ10tMdR] RQ11T RQ51T RQ10T MdR|
VSE (Kiros et al., 2014) 12.3 30.1 423 140 — - — —
VSE++ (Faghri et al., 2018) 15.4 39.6 53.0 9.0 - — — —
Multi. Cues (Mithun et al., 2018) 20.3 47.8 61.1 6.0 - — — —
CE (Liu et al., 2019) 19.8 49.0 63.8 6.0 — — — —
Ours 23.0 528 658 50 273 507 608 5.0
Ours-pretrained 284 60.0 729 4.0 347 599 700 3.0

without pre-trainig on HowTo100M. Without pre-training, our method outperforms all others in all
metrics and datasets. In particular, for the VATEX dataset, our retrieval performance at recall at 1 and
5 is 45.9% and 82.4%, exceeding recent state-of-the-art methods (Chen et al., 2020b) by a margin
of 9%. For ActivityNet, our model outperforms MMT by a margin of 4% at recall at 1. With pre-
training on HowTo100M, our performance further increases across the board. Notably, unlike MMT
which uses 7 features, our model uses only 2 features and achieves state-of-the-art in most metrics.

Support-Set

4.4 ANALYSIS

In order to better understand the effect
of our learning objective, we visualize
the soft attention of our best-performing
cross-instance reconstruction model in
fig. 3. As we can see in the top-left
square, which shows the pairwise at-
tention between all pairs of videos in
the batch, it is highly focused, with the

model mostly attending one or two other  Fjg 3. Support-set attention map. Attention scores
instances in the batch. of all pairs in a batch (top-left square) and a subset of
rows/columns (other squares) on VTT.

8

-0.50

=
S
B
8
olf
8

-0.25

0.00



Published as a conference paper at ICLR 2021

For the first video’s caption reconstruction (second row), we find that the model solely attends to an-
other musical performance video that is in the batch, ignoring the others. For the second video (third
row), the model focuses on another sample that shows the sea but differs in most other aspects since
there are no semantically-equivalent clips in the batch. The third video shares a similar scenario.
These examples show that the bottleneck is effective at forcing the model to avoid memorising the
video-caption association of each clip in isolation, and attempt to match other clips more broadly,
since an exact (or very close) match is not guaranteed.

5 CONCLUSION

In this work, we studied classic contrastive learning methods such as the triplet loss to learn video-
text representations for cross-model retrieval. We suggested that the contrastive approach might pull
apart videos and captions even when they are semantically equivalent, which can hinder downstream
retrieval performance. To mitigate this effect, we propose to consider a captioning pretext task as an
additional learning objective. In particular, we show that cross-instance captioning can encourage
the representation to pull together videos that share a similar caption, and are thus likely to be
equivalent for retrieval. Leveraging these ideas, our model achieves state-of-the-art performance on
the text-to-video and video-to-text retrieval tasks, on three datasets.

While we demonstrated these ideas in the specific case of text-to-video retrieval, they can in principle
generalize to any setting that utilizes a contrastive loss, including self-supervised learning, provided
that it is possible to learn reasonable conditional generators of a modality or data stream given
another.
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6 APPENDIX

The appendix is organized as follows: First, we provide more details about our model. Then we
introduce the datasets and the experimental setup. Finally, we provide additional qualitative and
quantitative experimental results for video-text retrieval and captioning.

6.1 MODEL DETAILS

Implementation details and hyper parameters. For our text encoder, we use the T5-base model
pre-trained on the “Colossal Clean Crawled Corpus” (C4) (Raffel et al., 2019). We use its corre-
sponding text tokenizer and encode a sentence into a sequence of 1024 dimensional vectors.

For our visual encoder, our model utilizes only the motion and the appearance features. For the mo-
tion feature, we use a 34-layer, R(2+1)-D (Tran et al., 2018) model pre-trained on IG65M (Ghadi-
yaram et al., 2019) and apply a spatial-temporal average pooling over the last convolutonal layer,
resulting in a 512-dimensional vector. For the appearance feature, we use the 2048-dimension flat-
tened pool-5 layer of the standard ResNet152 (He et al., 2016) pre-trained on Imagenet (Deng et al.,
2009). We extract features at a rate of 1 feature per second and simply concatenate the two features,
resulting in a 2560-dimension visual input stream. Noteworthily, instead of using 9 and 7 different
types of visual features as in CE (Liu et al., 2019) and MMT (Gabeur et al., 2020), we use only the
above 2 features and achieve on par or superior performance. Also, with early fusion, our model
does not suffer from additional computation required for the extended sequence length in MMT. For
the text decoder, we use the T5-base model decoder, also pre-trained on C4.

As illustrated in Fig. 4, our transformer pooling head is composed of a pre-
encoder, a multi-head self-attention, and a FFN layer. For pre-encoders,
we use a one-layer MLP with a d-dimensional output for mapping video
features into the common embedding space. We use 1024-dimension bi-
directional GRU as the text pre-encoder. For the 1D-CNN prior, we use
kernels with size [2, 3, 4, 6] as the visual and text pre-encoders. We set the
embedding dimension to 1024 and use 4 attention heads in the transformer
pooling layers. The hidden dimension of FFN is 2048.

Add & Norm

Add & Norm

Training and Inference time. Pre-training on 1.2 million HowTol100M
videos takes around 160 GPU hours (NVIDA V100) for 20 epochs. We
speed up the pre-training process by distributing the workload over 8 GPUs.
We use 1 GPU for the fine-tuning or training from scratch experiments. For
the MSR-VTT 1k-A split, it takes 12 GPU hours to train our full model on
180K video-text pairs for 20 epochs. For Vatex, it takes 32 GPU hours to
train on 260K video-text pairs for 30 epochs. For ActivityNet, it takes 2.5
GPU hours to train on 10K video-text paris for 28 epochs.

v

CNN/RNN

x L

Fig. 4: Transformer
pooling head.

For inference, the encoding speed is around 250-300 video/sec and 200-250

text query/sec. The overall text-to-video search speed on 5,000 video-text pairs (5,000 text queries
over 5,000 videos) is 30-34 seconds including encoding. The speed of text-to-video retrieval is
similar to video-to-text retrieval.

6.2 EXPERIMENT DETAILS

The margin « of the max-margin loss is 0.2, and the temperature T is set to 0.1 as used in Sim-
CLR Chen et al. (2020c). We use the Adam (Kingma & Ba, 2015) optimizer with a initial learning
rate 5 - 10~° and clip gradients greater than 0.2 during the training phase. Dropout rate is 0.3 for all
datasets besides ActivityNet (0.0).

As the average video/text lengths and videos available are quite different across datasets, we adjust
our training scheme accordingly. When training on MSR-VTT, ActivtyNet and Vatex, batch-size is
set to 64. For MSR-VTT training, we sample and truncate videos to 32 seconds, text to 100 tokens
and train for 20 epochs. For Vatex, videos are at most 64 seconds and we train for 30 epochs. For
ActivtityNet training, videos are at most 512 seconds and 256 tokens for the text part. We train
for 28 epochs on ActivityNet. For fine-tuning HowTol100M pre-trained model, we reduce training
epochs into quarters.
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6.3 DATASET DETAILS

HowTol1l00M (Miech et al., 2019) is a large-scale instructional video collection of 1.2 million
Youtube videos, along with automatic speech recognition transcripts. There are more than 100
million clips (ASR segments) defined in HowTol100M. We use this dataset for pretraining.

MSR-VTT (Xu et al., 2016) contains 10,000 videos, where each video is annotated with 20 descrip-
tions. For retrieval experiments and ablation studies, we follow the training protocol and defined
in Gabeur et al. (2020); Liu et al. (2019); Miech et al. (2019) and evaluate on text-to-video and
video-to-text search tasks on the 1k-A testing split with 1,000 video or text candidates defined by Yu
et al. (2018). For captioning task, we evaluate on the standard testing split with 2,990 videos.

VATEX (Wang et al., 2019) is a multilingual (Chinese and English) video-text dataset with 34,911
videos. We use the official split with 25,991 videos for training. As the testing annotations are
private in VATEX, we follow the protocol in Chen et al. (2020b) to split the validation set equally
(1,500 validation and 1,500 testing videos) for model selection and testing. For each video, 10
English and 10 Chinese descriptions are available, and we only use the English annotations.

ActivityNet Dense Caption dataset consists densely annotated temporal segments of 20K YouTube
videos. Following Gabeur et al. (2020); Zhang et al. (2018), we concatenate descriptions of seg-
ments in a video to construct “video-paragraph” for retrieval and captioning. We use the 10K training
split to train from scratch/ finetune the model and report the performance on the 5K ’vall’ split.

MSYVD dataset consists of 80K English descriptions for 1,970 videos from YouTube, with each
video associated with around 40 sentences each. We use the standard split of 1200, 100, and 670
videos for training, validation, and testing (Liu et al., 2019; Venugopalan et al., 2015b; Xu et al.,
2015).

6.4 VIDEO CAPTIONING EXPERIMENTS

To measure captioning/text generation performance, we report BLEU4 (Papineni et al., 2002), ME-
TEOR (Denkowski & Lavie, 2014), Rogue-L (Lin, 2004) and CIDEr (Vedantam et al., 2015) met-
rics. We report results on the MSR-VTT, VATEX and ActivityNet datasets.

Table 7: Captioning performance on the MSR-VTT dataset

Captioning
BLUE4 METEOR Rogue-L. CIDEr

VidTranslate (Korbar et al., 2020)  41.7 28.5 — —
POS+VCT (Hou et al., 2019) 42.3 29.7 62.8 49.1

ORG (Zhang et al., 2020) 43.6 28.8 62.1 50.9
Ours, MSR-VTT only 39.7 28.3 60.5 46.5
Ours, HT100M + MSR-VTT 38.9 28.2 59.8 48.6

Table 8: Captioning performance on the VATEX dataset

Captioning
Blue@4 METEOR Rogue-L. CIDEr
Shared Enc-Dec (Wang et al., 2019)  28.4 21.7 47.0 45.1

ORG (Zhang et al., 2020) 32.1 22.2 48.9 49.7
Ours, VATEX only 32.8 244 49.1 51.2
Ours, HT100M + Vatex 32.5 24.1 48.9 50.5

6.5 ZERO-SHOT RETRIEVAL EXPERIMENTS
We also evaluate our model in the zero-shot setting on MSR-VTT, Vatex, ActivityNet and MSVD,

after pre-training on HT100M. While we are able to get reasonable results on MSR-VTT and MSVD,
our results are not great on Vatex and Activity-Net due to significant domain gap.
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Table 9: Captioning performance on the ActivtyNet dataset

Captioning
Blue@4 METEOR Rogue-L. CIDEr
DENSE (Krishna et al., 2017) 1.6 8.9 — —
DVC-D-A (Liet al., 2018) 1.7 9.3 - —
Bi-LSTM+TempoAttn (Zhou et al., 2018b) 2.1 10.0 — —
Masked Transformer (Zhou et al., 2018b) 2.8 11.1 — —
QOurs, ActivityNet only 1.5 6.9 17.8 3.2
Ours, HT100M + ActivityNet 1.4 6.9 17.5 3.1

Table 10: Zero-shot Retrieval performance on VATEX, MSR-VTT, MSVD and ActivityNet.

Video — Text Text —Video
RQI1t R@5T RQ10t MdR| RQ11t R@5T RQ10t MdR|

Zero-Shot

ActivityNet 0.06 0.2 0.5 1907.0 0.0 0.2 0.3 2238.0
VATEX 0.07 0.4 0.7 682.0 0.07 0.4 0.9 697
MSVD 8.9 26.0 37.9 18.0 21.4 46.2 57.7 6.0
MSR-VTT 8.7 23.0 31.1 31.0 12.7 27.5 36.2 24.0

6.6 ACTION RECOGNITION

Lastly, we evaluate our model on the video action recognition task on HMDB-51 (Kuehne et al.,
2011) and UCF-101 (Soomro et al., 2012). For this, we use the R(2+1)D-34 (pretrained on IG65M)
model as well as a ResNet-152 model (pretrained on Imagenet), as in our method. We extract a
feature per second per video by concatenating the features from each model (2560-D), and obtain
an average representation per video using either average pooling (2560-D) or our proposed trans-
former pooling head (1024-D) pre-trained on HT100M using cross-captioning objective. We then
train a linear classifier for 1500 epochs for HMDB-51 (500 for UCF-101) on these features using
Adam (Kingma & Ba, 2015) optimizer with learning rate of le~* and weight decay 1e~* with early
stopping. We also drop the learning rate by 10 at epochs 200, 400 for UCF-101 and 1000, 1200
for HMDB-51. In Table 11, we show the results of training only a linear-layer on features extracted
from our fixed backbone with or without a learned transformer-pooling head. We find that our trans-
former temporal pooling head provides significant benefits over the baseline of simply average pool-
ing the features, demonstrating the effectiveness of building contextualized representations using our
proposed transformer. In particular, we see improvements of over 7% on HMDB-51 and 34% on
UCEF-101 by replacing average pooling with our transformer pooling head to aggregate features. We
observe that naive average pooling performs significantly worse than our transformer pooling under
evaluation protocol. This is likely because 1) the average pooling collapses temporal information,
making the linear layer based classification difficult 2) compared to the transformer pooling, it does
not benefit from large-scale pretraining on a wide variety of action videos of HT100M. We further
compare very favorably to the current state-of-the-art approaches. In particular, we outperform all
other approaches, both supervised and self-supervised, except the recently introduced Omni (Duan
et al., 2020) which was finetuned on both UCF-101 and HMDB-51, while we only trained a linear
classifier on extracted features. However, it should be noted that it is very difficult to fairly com-
pare all these different approaches because they may use different modalities (images, RGB video,
optical flow, audio, ASR outputs), pretraining datasets (Kinetics-400, HT100M, IG65M, Imagenet),
architectures (S3D, I3D, R(2+1)D, R3D), pre-training (supervised, self-supervised) and downstream
training (frozen, finetuned) strategies.

6.7 STATISTICAL SIGNIFICANCE

In Table 12, we show the results of finetuning our pretrained model for 3 times on the VATEX
dataset. We find that the variance is quite low and our model consistently beats the state of the art.
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Table 11: Action recognition. Results of training only a linear-layer, on features extracted from our
fixed backbone with or without a learned transformer-pooling head. We compare to the state-of-art
supervised and self-supervised pretrainig methods on the HMDB-51 and UCF-101 action recogni-
tion task, for different downstream training protocols (“FT?” stands for finetuned). We report aver-
age Top-1 accuracy across all 3 folds. Dataset abbreviations: AudioSet, HMDBS51, HowTo100M,
Instagram65M, IMagenet-1000, Kinetics400, OmniSource Images + Videos, Sports1M, UCF101,
YouTube8M. Other abbreviations: Video modality, Flow modality, Image modality, Audio modal-
ity, Transformer pooling, Average pooling

Method Mod  Dataset Model FT? H51 U101
Self-Supervised Pre-training
MIL-NCE (Miech et al., 2020) V,T HM S3D-G X 53.1 82.7
MIL-NCE (Miech et al., 2020) V,T HM S3D-G v 61.0 91.3
MMV (Alayrac et al., 2020) V,T,A HM+AS TSM-50x2 X 67.1 91.8
ELo (Piergiovanni et al., 2020) VEA YT8M R(2+1)D-50x3 v 67.4 93.8
XDC (Alwassel et al., 2020) V,A 1G65M R(2+1)D-18 v 68.9 95.5
GDT (Patrick et al., 2020) V,A 1G65M R(2+1)D-18 v 72.8 95.2
MMV (Alayrac et al., 2020) V,T,A HM+AS TSM-50x2 v 75.0 95.2
Supervised Pre-training
P3D (Qiu et al., 2017) \"Al SIM+IM P3D v — 88.6
TSN (Wang et al., 2018) VI ™M TSN v 69.4 94.2
13D (Carreira & Zisserman, 2017) VI K400+IM 13D v 74.8 95.6
R(2+1)D (Tran et al., 2018) \" K400 R(2+1)D-34 v 74.5 96.8
S3D-G (Xie et al., 2018) VI K400+IM S3D-G v 75.9 96.8
13D (Carreira & Zisserman, 2017) VI K400+IM 13D v 771 96.7
R(2+1)D (Tran et al., 2018) \Y% K400 R(2+1)D-34 v 76.4  95.5
R(2+1)D (Tran et al., 2018) V,F K400 R(2+1)D-34x2 v 78.7 97.3
Omni (Duan et al., 2020) V1 K400+0S Slow-8x8-R101 v 79.0 97.3
13D (Carreira & Zisserman, 2017) V,EI  K400+IM 13Dx2 v 80.7 98.0
Omni (Duan et al., 2020) VEI  K400+0S Slow-8x8-R101x2 v/ 83.8 98.6
Ours (Avg-pooling) V1 1G65M+IM R(2+1)D-34+R152 X 73.7 643
Ours (T-pooling) \'Al HM+IG65M+IM  R(2+1)D-344R152 X 81.3 98.0
Table 12: Retrieval performance on the VATEX dataset
Text — Video Video —Text
RQIT R@5F RQ@10t MdR| RQI11T RQ@5F RQ@101T MdR|

Random Baseline 0.2 0.7 1.05 2000.5 0.02 0.1 1.02 2100.5

VSE (Kiros et al., 2014) 28.0 64.3 76.9 3.0 - - - —

VSE++ (Faghri et al., 2018) 33.7 70.1 81.0 2.0 — - — —

Dual (Dong et al., 2019) 31.1 67.4 78.9 3.0 - — - —

HGR (Chen et al., 2020b) 35.1 73.5 83.5 2.0 - — - —

Ours 449 282102897102 1.0 58.4.01:184.4.0291.005 1.0

6.8 ADDITIONAL QUALITATIVE RESULTS
We provide addition qualitative text-to-video retrieval results on MSR-VTT, VATEX, ActivityNet in

Fig. 5. Given a text query, in most cases, our model successfully retrieves the correct videos marked
in green.
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a person is swimming in some white water rapids a man is showing the interior of a car

(2) MSR-VTT

a man is snow skiing down the mountain slope smoothly

(b) VATEX

A woman is seen speaking to the camera while holding an A close up of nails are seen followed by a shot of brushes
accordion and moving her hands around . She and nail polish . A person is then seen wiping polish onto a
demonstrates how to play the instrument while still pad and rubbing the object all over her nails . She then
speaking to the camera and moving all around puts a coating over the nail and shows it off again

(c) ActivityNet

Fig. 5: Examples of top-3 Text— Video retrieval results and similarities on the MSR-VTT, VATEX,
and ActivityNet testing set. Only one correct video (colored in green) for each text query on the top.
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Abstract

In the image domain, excellent representations can be
learned by inducing invariance to content-preserving trans-
formations via noise contrastive learning. In this paper, we
generalize contrastive learning to a wider set of transforma-
tions, and their compositions, for which either invariance
or distinctiveness is sought. We show that it is not imme-
diately obvious how existing methods such as SimCLR can
be extended to do so. Instead, we introduce a number of
formal requirements that all contrastive formulations must
satisfy, and propose a practical construction which satisfies
these requirements. In order to maximise the reach of this
analysis, we express all components of noise contrastive
Sformulations as the choice of certain generalized transfor-
mations of the data (GDTs), including data sampling. We
then consider videos as an example of data in which a large
variety of transformations are applicable, accounting for
the extra modalities — for which we analyze audio and text
— and the dimension of time. We find that being invariant
to certain transformations and distinctive to others is crit-
ical to learning effective video representations, improving
the state-of-the-art for multiple benchmarks by a large mar-
gin, and even surpassing supervised pretraining. Code and
pretrained models are available'.

1. Introduction

Works such as MoCo [31], SImCLR [13], SWAV [12]
and BYOL [25] have shown that it is possible to pre-train
state-of-the-art image representations without the use of any
manually-provided labels. Furthermore, many of these ap-
proaches use variants of noise contrastive learning [26, 27].

*Joint first authors
Thttps://github.com/facebookresearch/GDT
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Fig. 1: Hierarchical sampling process of generalized data
transformations (GDTs). Shown here are the five transfor-
mations analyzed for the audio-visual training case and their
compositions: data-sampling (¢1), time-shift (¢2), modality
splicing (¢3), time-reversal (t4), and augmentation trans-
formations, g (¢5) to learn video representations via noise
contrastive learning.

Their idea is to learn a representation that is invariant to trans-
formations that leave the meaning of an image unchanged
(e.g. geometric distortion or cropping) and distinctive to
changes that are likely to alter its meaning (e.g. replacing an
image with another chosen at random).

These prior works have also shown that the choice

of transformations is of primary importance for perfor-
mance [12, 13]. This is not just a matter of selecting a



certain type of transformation, but also to specify how dif-
ferent transformations should be composed, and how these
compositions should be sampled to from batches for training
the model. So far, these choices have been mostly driven
by intuition, with little formal understanding of why certain
choices may be preferable, and how these choices can be
generalized.

In this work, we answer some of these questions via a for-
mal analysis of composable transformations in contrastive
learning. Our analysis shows how invariance and distinc-
tiveness to individual transformations can be meaningfully
incorporated in the same learning formulation. It also pro-
vides some principles to guide the construction of the train-
ing batches. We interpret existing sampling schemes, such
as the one in SimCLR, as special cases with certain potential
advantages and disadvantages. We do so by showing how
these constructions can be extended systematically to any
composition of invariant and distinctive transformations.

Furthermore, we demonstrate the utility of our analysis by
exploring contrastive methods for learning representations
of video data. Compared to images, videos contain a time
dimension and multiple modalities, which have been shown
to provide effective learning cues; for instance [60] leverages
multiple modalities, and [15, 41] the time dimension. We
show how these effects can be incorporated in a uniform
manner in contrastive learning by considering a suitable class
of generalized data transformations (GDTs). GDTs capture
standard augmentations, as well as temporal transformations,
modality slicing and data sampling. The advantages of using
GDTs is that they allow us to base the entire design of the
learning formulation (e.g., how to write a coherent learning
objective and how to sample batches) on a small number of
design principles that our analysis has identified.

With this, we make some notable findings for contrastive
video representation learning. First, we show that using
this wider class of transformations greatly exceeds the per-
formance that can be obtained by a vanilla applications of
image-centric methods such as SImCLR to video data. By
leveraging time and multiple modalities, we obtain large per-
formance gains, almost doubling the performance. Second,
we show that just learning representations that are invariant
to more and more transformations is not optimal, at least
when it comes to video data; instead, combining invariance
to certain factors with distinctiveness to others performs bet-
ter. To the best of our knowledge, this is the first time such
an effect has been demonstrated in contrastive learning.

We also set the new state of the art in audio-visual rep-
resentation learning, with both small and large video pre-
training datasets on a variety of downstream tasks. In par-
ticular, we achieve 94.1% and 67.4% on the standardized
UCF-101 [67] and HMDB-51 [42] action recognition bench-
marks, when pretrained on HowTo100M [50], and 95.2%
and 72.8% respectively when pretrained on IG65M [21].

2. Related work

Self-supervised learning from images and videos. A
variety of pretext tasks have been proposed to learn repre-
sentations from unlabelled images. Some tasks leverage
the spatial context in images [17, 56] to train CNNs, while
others create pseudo classification labels via artificial ro-
tations [23], or clustering features [0, 10, 11, 12, 22, 37].
Colorization [83, 84], inpainting [62], solving jigsaw puz-
zles [57], as well as the contrastive methods detailed below,
have been proposed for self-supervised image representation
learning. Some of the tasks that use the space dimension
of images have been extended to the space-time dimensions
of videos by crafting equivalent tasks. These include jig-
saw puzzles [40], and predicting rotations [38] or future
frames [28]. Other tasks leverage the temporal dimension
of videos to learn representations by predicting shuffled
frames [53], the direction of time [76], motion [74], tempo-
ral ordering [43, 80], and playback speed [9, 14, 19]. These
pretext-tasks can be framed as GDTs.

Multi-modal learning. Videos, unlike images, are a
rich source of a variety of modalities such as speech, au-
dio, and optical flow, and their correlation can be used as a
supervisory signal. This idea has been present as early as
1994 [16]. Only recently, however, has multi-modal learning
been used to successfully learn effective representations by
leveraging the natural correspondence [2, 4, 5, 7, 54, 60] and
synchronization [15, 41, 59] between the audio and visual
streams. A number of recent papers have leveraged speech
as a weak supervisory signal to train video representations
[46, 49, 55, 68, 69] and recently [1], who use speech, au-
dio and video. Other works incorporate optical flow and
other modalities [29, 30, 64, 85] to learn representations. In
CMC [70], representations are learned with different views
such as different color channels or modalities to solely in-
duce multi-view invariance. In contrast, our work extends
this to and analyses multi-modal transformations and ex-
amines their utility as an invariant or distinctive learning
signal.

Noise Contrastive Loss. Noise contrastive losses [206,

] measure the similarity between sample pairs in a repre-
sentational space and are at the core of several recent works
on unsupervised feature learning. They yield good perfor-
mance for learning image [ 13, 31, 33, 35, 45, 52, 58, 70, 71,

] and video [3, 28, 34, 46, 49, 54, 66, 68, 82] represen-
tations, and circumvent the need to explicitly specify what
information needs to be discarded via a designed task.

We leverage the noise contrastive loss as a learning frame-
work to encourage the network to learn desired invariance
and distinctiveness to data transformations. The GDT frame-
work can be used to combine and extend many of these cues,
contrastive or not, in a single noise contrastive formulation.



Cross-modal NCE learning
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Fig. 2: Example instantiation. The embedding is learned
via noise contrastive (NCE) learning. Here we show the
case of audio-visual sample and time-shift distinctiveness:
video-audio embeddings from the same video at the same
time are pulled together, while audio-visual sample pairs
from different videos and different starting times are pushed
apart.

3. Method

We generalize contrastive methods such as CPC [58],
PIRL [52], MoCo [31], SimCLR [13], and SWwAV [12] to
learn representations that can be invariant or distinctive to
any number of transformations.

Given a collection x of data such as images or videos, we
generate training samples

.I‘(tl,...,tM) S

by applying a sequence of M transformations
T = (t1,...,ty) to the collection. We consider typ-
ical transformations such as data augmentations (e.g.,
randomly cropping an image). We also find it useful
to express in the same manner other operations such as
extracting a specific image or video from the collection or
extracting a specific modality from a video. We call these
generalized data transformations (GDTSs).

To provide a concrete example, in a standard contrastive
learning formulation such as SimCLR, the first transfor-
mation t; = ¢ € {1,...,|z|} extracts an image z; from
the collection = and the second transformation ¢ = g ap-
plies to it a random augmentation, so that we can write
x(t1,t2) = g(z;). The goal is to learn a representation
® : X — R that identifies the image regardless of the
augmentation; in other words, ® should be invariant to the
choice of t5 and distinctive for the choice of #;.

We wish to generalize this construction to richer data
such as videos. Compared to images, videos contain multi-
ple modalities and additional dimensions, which allows to
consider qualitatively different transformations such as time

shift, time reversal, and modality slicing. This generalization
is however non-trivial. First, when considering M > 2 trans-
formations, we have a choice of making the representation
invariant or distinctive to each of them independently. For
instance, video representations may benefit from being dis-
tinctive to time shift and/or time reversal rather than invariant
to them. It is not immediately obvious how contrastive learn-
ing should be modified to incorporate these different choices.
Another less apparent but important issue is how training
data batches should be formed. Contrastive learning for-
mulations minimize, in fact, a loss that involves comparing
(contrasting) the representations of different samples, and is
thus not decomposable. In practice, the loss is approximated
by sampling batches of data, and how this is done has a major
effect on the performance. In the previous example of Sim-
CLR, if transformation (¢1,t2) is included in the batch, so
must be a complementary transformation (¢1, t5) that differs
only in the second factor ¢ # t5. This is required in order
to learn the desired invariance. It also means that transfor-
mations in a batch cannot be sampled independently. A way
to guarantee that both (¢1,¢2) and (¢, ¢5) are in the batch
is to consider all possible combinations 7; X 72 of two sets
of transformations 7; and 73. However this is statistically
inefficient because it applies the same augmentations 7 to
all images in the batch. Instead, SImCLR samples at random
B/2 images and then applies to them B independently sam-
pled augmentations. This is better than the scheme above
that would only use B/|7;| = 2 different augmentations.
However, it is unclear how this strategy for sampling diverse
transformations can be extended to M > 2 factors. This is
studied next.

3.1. Compositional contrastive learning

Given a batch T of data transformations, we consider the
learning objective:

L@;T) == T, Tw(T,T')
7' €T
(@@ (7)), ®(x(T"))) /p

Sw(T,T") e(2(x(T)),2(z(T")))/p
T"eT

-log )]

where p > 0 is a temperature parameter. The contrast
Sunction ¢(T,T") € {0,1} has the following interpreta-
tion: when ¢(T,T") = 1, then the representations ®(z(T'))
and ®(x(7T")) are pulled together (invariance), and when
¢(T,T") = 0 they are pushed apart (distinctiveness). For
example, in SImCLR, we set ¢(T,T") = ¢((i,9), (i',9')) =
d;—i to push apart the representations of different images
(,4") while remaining invariant to a transformation pair
(9,9"). The weight function w is a second binary func-
tion that focuses learning on more informative transforma-
tion pairs; for instance, SimCLR sets w(T,T") = dp7+ to



avoid focusing learning invariance to identical transforma-
tion T = T as this is trivially satisfied. Next, we provide a
semi-formal analysis of this formulation, leaving the details
to Appendix A.1.

Multiple invariances and distinctiveness. The key to ex-
tending eq. (1) to M > 2 transformation is to build the
function ¢(T,T"). We do this one factor a time. If we
wish the representation to be distinctive to factor ¢,,, we set
c(tm,t,) = 0¢,, =t . If we wish it to be invariant to it, we
set ¢(tm, t,,) = 1. In lemmas 4 and 5 (Appendix A.1), we
show that, given these choices, the only consistent definition
of ¢(T,T") is the product Hﬁle ¢(tm, t,). The intuition is
as follows: The representation ® should distinguish samples
x(T) and z(T") if, and only if, at least one of the distinctive
factors in T and 7" differs.

Forming a batch. Given c, the remaining challenge is to
sample training batches 7 appropriately. We start by deriv-
ing some requirements for 7 and then develop a sampling
scheme that satisfies them (none of these are guaranteed
by sampling 7" and 7" independently). (i) First, in order
for eq. (1) not to be identically zero, ¢(T,T") should be
non-zero for at least some choices of T' and 7" in the batch.
(ii) Furthermore, when ¢(T', T") = 1, this should not be for
the trivial case 7' = T" (the one that SimCLR discounts by
setting w(7T, T') = 0). Based on the discussion above, the
condition ¢(T',T') =1 A T # T’ means that all distinctive
factors in 7" and T" agree and that at least an invariant factor
differs. (iii) Additionally, for the fraction in eq. (1) not to be
a constant, if ¢(T,T") = 1, there should be another 7" in
the batch such that ¢(T',T") = 0. The latter means that at
least one distinctive factor in 7" and T differs.

Short of considering all possible combinations of trans-
formations (which, as explained above, can be statistically
inefficient), we can sample a batch 7 that satisfies these con-
straints as follows. We describe this process for the case of
M = 3 transformations, but note that it extends immediately
to any M (this is done in Appendix A.1.1 and A.1.2). First,
we sample K versions of the first distinctive transforma-
tions ¢1. Then, for each ¢, we sample K5 transformations
t9, also distinctive. Finally, for each choice of (t1,t2), we
sample K3 invariant transformations #3.> We thus obtain a
batch of | 7| = K1 K2 K3 transformations.

This scheme has several desirable properties. First, for
every T = (ty,t2,t3), there is another 7" = (ty,ta,1%)
that agrees on the distinctive factors and differs in the in-
variant one (properties (i) and (ii)). Second, there is a
T" = (t1,th,t5) or T = (t},th,t5) that differs in one
or more distinctive factors (property (iii)). Third, the con-
struction is balanced, in the sense that the number of trans-
formations that share a particular factor value ¢,,, is the same

Note that the sampling ordering is arbitrary; in particular, it needs not
to be the same as the ordering in which transformations are applied to the
data.

for all values of ¢, (this number is |7|/(K - - - K,)). Fur-
thermore, SimCLR is obtained as a special case. Please
see lemmas 6 and 7 (Appendix A.1) for an in-depth discus-
sion.

Limitations. Despite the benefits, this scheme has also
some limitations. The main issue is that a difference in fac-
tor t,,, generally implies a difference in all subsequent factors
as well, meaning that the representation may be unable to
observe and thus learn to discriminate changes in all individ-
ual factors. In Appendix A.1.3, we show why this is unlikely
to be an issue for the practical cases considered here and in
the literature. However, we also suggest other practical cases
where this can be a significant issue, affecting even methods
such as SimCLR.

3.2. Properties of Generalized Data Transforma-
tions

In this section, we show that GDT’s batch sampling strat-
egy is statistically more efficient than naively-sampled pairs
for contrastive learning. We do this by showing that GDT’s
objective has the same mean but a lower variance than sam-
pling batches with eq. 1 directly, which would either enu-
merate all possible pairs of transformations (which is pro-
hibitively expensive) or subsample it by sampling transfor-
mations independently. We assume that the distinctive trans-
formations are injective. This must be approximately true,
otherwise it is impossible for any method to be distinctive
to such transformations. In fact, we can prove the following
result:

Theorem 1. Given a set of transformations T, of which the
distinctive transformations are injective, GDT is an unbiased
estimate L of the generalized contrastive loss (eq. 1), i.e.
E[L] = L(®;T). Furthermore, consider a batch of sam-
pled compositions of M transformations, with size H;w K,
where K., is the number of samples for the mth transfor-
mation. Define K; = HjeIKj and Ky = Hjev K,
where I and V are the subsets of indices corresponding
to invariant and distinctive transformations, respectively.
Denote by L;; and ‘732‘]" the mean and variance of the par-
tial sum of the objective (eq. 1) on the set X; X X, with
Xj = {x(T",T}) : T' € T1}, i.e. the sample pairs corre-
sponding to distinctive transformations with indices j and
j'. Then, the variance of the GDT estimate is

Kyv,Kv

2
Z Ty

Jj’

A 1
R

The naive estimate’s variance, on the other hand, is
. 1 Ky ,Kv 1 Kv,Kv )
VILd =gz Do Tt DL Ly — L)
VrI S5 14 s
i i
which is larger by a multiplicative factor of K%, and a further
additive factor. Proof: See Appendix A. O



This states that sampling data with GDT yields reduced
variance, resulting in higher-quality gradients for learning
the same objective (since the estimate is unbiased), which is
reflected empirically in our strong performance on numerous
datasets and benchmarks. We note that this may apply to
other methods built on the same sampling strategy but which
compose transformations in different ways than GDT, as
long as the requirements (i-iii) for forming a batch (sec. 3.1)
are satisfied.

3.3. Application to video data

As a concrete instantiation of our framework, we con-
sider video data and transformations of the type 1T' =
(t1,to,t3,t4,t5) = (i, 7,m, 7, g), as shown in fig. 1, as fol-
lows. The first component ¢ selects a video in the dataset. We
sample K; > 2 indices/videos and assume distinctiveness,
so that ¢(i,i’) = §;—,. The second component 7 contrasts
different temporal shifts. We sample K. = 2 different val-
ues of a delay 7 uniformly at random, extracting a 1s clip x;,
starting at time 7. For this contrast, we will test the distinc-
tiveness and invariance hypotheses, as [4 1] indicate that the
former may be preferable. The third component m contrasts
modalities, projecting the video x;, to either its visual or au-
dio component m(z;, ). We assume invariance ¢(m, m’) = 1
and always sample two such transformations m,, and m,, to
extract both modalities, so K,,, = 2. The fourth component
r contrasts time reversal [63, 76], which has not previously
been explored in a contrastive or cross-modal setting. This is
given by a transformation € R = {ro, r1}, where ¢ is the
identity and r; flips the time dimension of its input tensor, so
K, = 2. The final component g applies a spatial and aural
augmentation z(7T") = g(r(m(z;.))), also normalizing the
data. We assume invariance ¢(g, g’') = 1 and pick K, = 1,
i.e. augment each datum at this level in the sampling hier-
archy. These choices lead to K = K; K. K,,, K, K, = 8K;
transformations 7" in the batch 7 (in ablations, we also test
a subset of these choices).

While we focus on modality splitting, time reversal and
shift, note that we could use any transformation that can yield
a useful learning signal, such as speed [9, 14, 18, 36, 75, 81]
and temporal ordering [20, 43, 53, 80].

Modality splitting. The modality splitting transformation
m is useful to capture correlation between modalities [4,

, 41, 60, 76]. Modality splitting means that the nature of
the sample x(i, 7, m,r, g) is either a sequence of frames
(m = m,) or a sound (m = m,). Formally, this means
that x(i,7,m,r, g) is an element of the direct sum X, &
X, of visual and audio signals; likewise g, » and ® are
defined on this direct sum. In practice, this means that the
transformation g comprises a pair of augmentations (g., ga ),
where g, (v) extracts a fixed-size tensor by resizing to a fixed
resolution of a random spatial crop of the input video v,
and g, (a) extracts a spectrogram representation of the audio

signal followed by SpecAugment [61] with frequency and
time masking. Likewise, ® = (®,, ®,) comprises a pair
of neural networks, one for each modality, both valued in
R? (refer to Appendix A.3.4 for architectural details). In
the Appendix A.3.1, we show that modality splitting is key
for performance; thus, we extend SimCLR weight function
w to focus learning on only cross-modal pairs: w(7T,T) =
5i;£i . 5m;ﬁm’~

3.4. Discussion: utility of GDT

With our framework, we can now generalize current state
of the art contrastive learning approaches such as SimCLR
in a systematic and practical manner. The theory above and
in Appendix A.1 tells us what is the meaning of composing
transformations, how a batch should be sampled and why,
how this can be achieved by using a hierarchical sampling
scheme that extends SimCLR, and what are the limitations of
doing so. A particular benefit is to allow to specify individu-
ally, for each transformation, if invariance or distinctiveness
is sought, whereas previous works lack this distinction and
largely considered learning only invariances (SimCLR [13],
AVID [54]), or distinctiveness (AoT [76]) to all factors. This
property allows the flexible utilization of dataset specific
transformations in the case of prior knowledge, or, as we
have shown in this study, the exploration of useful signals
by enumeration. Finding the best transformation signals
can even be further optimized by methods such as Bayesian
optimization. Finally, compared to a direct application of
previous state-of-the-art methods image-based methods such
as SimCLR [13], PIRL [52], and MoCo [31], we can also
seamlessly incorporate important cues such as cross-modal
correlation, greatly improving downstream performance (see
table A.1).

4. Experiments

We compare self-supervised methods on pretraining
audio-visual representations. Quality is assessed based on
how well the pretrained representation transfers to down-
stream tasks. We conduct a study on video-audio, as well
as video-text unsupervised representation learning to show
the generality of our framework and then compare our best
setup to the state of the art.

Self-supervised pretraining. For pretraining, we con-
sider two standard pretraining datasets: Kinetics-400 [39]
and HT100M [50] and use R(2+1)D-18 [72] and a 2D
ResNet [32] as encoders (see Appendix for further details).
We also explore how our algorithm scales to even larger,
less-curated datasets and train on IG65M [21] as done in
XDC [2].

Downstream tasks. To assess the pretrained representa-
tion f,, we consider standard action recognition benchmark
datasets, UCF-101 [67] and HMDB-51 [42]. We test the per-
formance of our pretrained models on the tasks of finetuning



Table 1: Learning hypothesis ablation. Results on action
classification performance on HMDB-51 is shown for fine-
tuning accuracy (Acc) and frozen retrieval (recall@1) after
pretraining on Kinetics-400 for 50 epochs. GDT can lever-
age signals from both invariance and stronger distinctiveness
transformation signals. We consider data-sampling (DS),
time-reversal (TR) and time-shifting (TS).

DS TR TS Mod. Acc. RQ1
SimCLR-like: DS-distinctiveness only
(@) d . V 446 118
b d i . vV 369 13.3
(c) d . i VvV 359 153
@ d i i vV 378 139
Cross-modal
(e) d . . AV 524 218
® d i . AV 588  22.6
gy d . i AV 574 235

) d i i AV 599 248

Cross-modal +1 distinctive factor

) d d AV 578  26.1
G) d : d AV 587 221
k) d d i AV 61.1 254
@ d i d AV 614 271
Cross-modal + 2 distinctive factors

(m)y d d d AV 572 205

the pretrained representation, conducting few-shot learning
and video action retrieval. The full details are given in the
Appendix.

4.1. Analysis of generalized data transformations

In this section, we conduct an extensive study on each
parameter of the GDT transformation studied here, T' =
(i,7,m,r,g), and evaluate the performance by finetuning
our network and conduncting video retrieval on the HMDB-
51 action recognition benchmark.

SimCLR-like baseline. First, we use the framework to
test a direct extension of SIimCLR to video data, as shown
in Table 1(a)-(d). By this, we mean utilizing only the visual
modality (V), and only invariance to transformations, which
is standard in all recent self-supervised methods [13, 31, 77].
For this, we consider GDTs of the type T' = (i, m 7,7, g)
described above and set K; = 512 (the largest we can fit
in our setup). In row (a), we pick only the video modality
(m = m, so K,, = 1). We also sample a single shift
7 (so K = 1), which results in data augmentation but
does not learn shift invariance, and no time reversal r = 1
(so K, = 1) — these are denoted with a - in the table.
However, we do sample two visual augmentations g (K, =
2), emulating SimCLR and learning invariance to that factor.

Table 2: GDT on video-text HT100M dataset. We also
find the positive effect of including more modalities and
find non-trivial combinations of beneficial transformations
previously unexplored.

DS TR TS Mod. Acc
SimCLR-like

(@ d . . vV 361
Video-text cross-modal

b d . . VT 59.2
c© d d . VT 61.5
@ d d VT 62.9
e d d i VT 63.8
) d 1 d VT 64.4
(g d d d VT 644

We also set all transformation components to invariance
(c(tm,1,,) = 1) except the first that does sample selection.
In row (b-d) we also experiment with adding invariance to
time shift (TS) and time reversal (TR), by setting K, = 2
and K, = 2. We find that doing so consistently degrades the
finetuning accuracy performance, but increases the retrieval
performance somewhat, indicating that the model is not able
to fully leverage these augmentation signals in a meaningful
way.

Cross-modal learning. Next, in rows (e-h) we repeat this
experiment, but using both audio-visual modalities (AV) by
setting K,,, = 2. In this case, as explained above, we set the
weight w to only consider cross-modal interactions and set
K, = 1. We note two facts: First, the performance increases
substantially (+7.8% (e) vs (a-d)). Second, now TS and TR
invariance leads to significant improvements (up to +7.5%).
Invariance vs distinctiveness. Next, in rows (i-1), we ex-
plore the effect of being invariant or distinctive to individual
transformations, which is unique to our method. Comparing
row (h) to rows (k) and (1), we see that switching to distinc-
tiveness to one of TS or TR further improves performance
(up to +1.5%). On the other hand, ‘ignoring’ either (- sym-
bols in lines (g) and (j)) is worse than learning invariance ((h)
and (1)), with a difference of around 2.5%. Finally, in row
(m) we find that being distinctive for both TS and TR at the
same time is worse, suggesting that a mix of distinctiveness
and invariance is preferable. This is particularly true for the
retrieval metric (column R@1).

4.2. Textual modality

In table 2, we demonstrate the generality of our approach
by using ASR captions as an alternative modality (instead
of audio) for the HowTo100M dataset [50]. For the text
encoder, we use a simple Word2Vec [51] embedding with a
MLP (further details are provided in the Appendix). Com-



paring table 2(a) with (b), we find that switching from Sim-
CLR to a cross-modal baseline increases performance by
more than +22%. Furthermore, we find gains of 3.7% when
switching from data-sampling distinctiveness only (row (b))
to incorporating further distinctivenesses (rows c-d). Finally,
we find that — as in the video-audio case — combining time-
shift distinctiveness with time-reversal invariance leads to
particularly strong representations (row (f)), yielding bene-
fits of over +5% compared to data-sampling distinctiveness
alone. Compared to video-audio learning (table 1(m)), we
find the case of distinctive-only for video-text learning (ta-
ble 2(g)) to be highly competitive, highlighting the need to
explore the set of possible transformation signals to achieve
the best downstream performance.

Intuition. While we only analyse a subset of possible
transformations for video data, we nevertheless find con-
sistent signals across both video-audio and video-text learn-
ing: Inclusion of further distinctivenesses to TS and TR
always improve upon the basecase and the best setup is
achieved for TS distinctiveness and TR invariance. One ex-
planation for this might be that there is useful signal in both
of these transformations that are not captured by previous
“augmentation-only” naive noise-contrastive formulations.
For example, for time-shift (TS), the model profits from
having to differentiate different points in time, e.g. between
an athlete running vs an athlete landing in a sandpit, which
could be both in the same video. This intuitively serves as
a hard negative for the model, increasing its discriminative
power. For time reversal (TR), many actions depicted such as
moving an object are inherently invariant to reversing time,
as shown in [65], therefore yielding a gain when used as an
augmentation. In [76], they show that humans have a 20%
error-rate when classifying a video’s direction of time in
Kinetics-400, thus demonstrating that Kinetics-400 has sub-
sets of videos that look realistic even when reversed. These
findings that additional distinctiveness combined with invari-
ances improve video representation learning are noteworthy,
as they contradict results from the image self-supervised
learning domain, where learning pretext-invariance can lead
to more transferable representations [52]. Even when com-
pared to previous self-supervised learning approaches for
video-data, such as predicting the arrow of time [76], our
method yields new insights by showing that a unique combi-
nation of distinctivenesses and invariances performs best, at
least on the training sets considered. Combining these points,
the strong performance of GDT is founded in its ability to
leverage highly informative, yet “free”, signal that we have
from construction of the transformations.

4.3. Qualitative analysis

Here, we study what effect the different transformations
we let our model be invariant and distinctive to have on
our learned representations. For this, we compare against

Time shifts

Frequency

0.028 0.030 0.032 0.034 0.036 0.038 0.040 0.042
Avg. standard deviation

Fig. 3: Learning distinctiveness to time-shifts: our GDT
model from Tab.1(j) is able to differentiate features from the
same video at different times better than a simple SimCLR
variant (Tab.1(a)).

Table 3: Video retrieval and Few Shot Learning. Retrieval
accuracy in (%) via nearest neighbors at various levels of neigh-
borhood sizes and few shot learning accuracy (%) via a k-
nearest neighbor on frozen representations.

HMDB UCF
1 5 1 5

Random 3.0 3.5 23 4.6

% 3DRot[38] - - 150 315
GDT (ours) 143 154 267 446
SP-Net [0] ) ~ 130 281
VCP [14] 76 244 186 336
M-DPC[29] 7.7 257 202 404

S VSP[14] 103 266 246 419
S CoCLR[30] 232 432 533 694
S SclaVi[5] 248 476 520 68.6

GDT (ours) 26.1 51.7 62.8 79.0

the SimCLR baseline of Tab.1(a) and compare the average
standard deviation of the normalized features for 10 time-
shifted clips per video for 3000 randomly selected Kinetics-
400 validation set.

4.4. Comparison to the state of the art

Given one of our best learning setups from Sec. 4.1 (row
(1)), we train for longer and compare our feature representa-
tions to the state of the art on standard downstream bench-
marks.

4.4.1 Downstream benchmarks

For few-shot classification, as shown in table 3, we signifi-
cantly beat the 3D-Rotnet [38] baseline on UCF-101 by more
than 10% on average for each shot with our Kinetics-400
pretrained model.



Table 4: State-of-the-art on video action recognition with
full-finetuning. Self- and fully-supervisedly trained meth-
ods on UCF-101 and HMDB-51 benchmarks.

Method Data Top-1 Acc%

HMDB UCF
Supervised [79] K-400+IN  75.9 96.8
Supervised [2] K-400 65.1 94.2
AoT [76] K-400 - 79.4
MultiSensory [59] K-400 - 82.1
SeLaVi [5] K-400 47.1 84.2
PEMT [44] K-400 - 85.2
XDC [2] K-400 52.6 86.8
AV Sync+RotNet [78]  K-400 54.6 87.0
CoCLR [30] K-400 54.6 87.9
SeCo [82] K-400 55.6 88.3
AVTS [41] K-400 56.9 85.8
CPD [46] K-400 57.7 88.7
AVID [54] K-400 60.8 87.5
CM-ACC [47] K-400 61.8 90.2
GLCM [48] K-400 61.9 91.2
GDT (ours) K-400 62.3 90.9
MIL-NCE [49] HT100M  61.0 91.3
GDT (ours) HTI00M  67.4 94.1
XDC [2] 1G65M 68.9 95.5
GDT (ours) 1G65M 72.8 95.2

For video retrieval, we report recall at 1 and 5 retrieved
samples for split-1 of the HMDB-51 and UCF-101 datasets
in table 3.Using our model trained on Kinetics-400, GDT sig-
nificantly beats all other self-supervised methods. In partic-
ular, we outperform CoCLR [30], a recent state-of-the-art
self-supervised method, that uses optical flow as another
view to mine hard positive to improve instance discrimi-
nation learning for video representations. Moreover, we
surpass SeLLaVi, an audio-visual clustering and representa-
tion learning method, by 2% and 10% on average on recall
at 1 and 5 for HMDB-51 and UCF-101.

For video action recognition, we finetune our GDT pre-
trained network for UCF-101 and HMDB-51 video classifi-
cation, and compare against state-of-the-art self-supervised
methods in table 4. When pretrained on the Kinetics datasets,
we find that our GDT pretrained model achieves very good
results, outperforming all recent methods. In particular, we
outperform audio-visual pretraining methods, AVTS [41],
SeLaVi [5] and XDC [2], by large margins using the same
architecture (R(2+1)D-18) and dataset (Kinetics-400), show-
ing the effectiveness of our GDT pre-training approach. We
also surpass AVID [54], the state-of-the-art audio-visual rep-
resentation learning method, by 1.5% on HMDB-51 and
3.8% on UCF-101. AVID uses a variant of the pre-training

scheme of our baseline approach that extends noise con-
trastive learning to the audio-visual domain as in Table 1,
row (e). However, while AVID simply encodes sample dis-
tinctiveness and invariance to modality in its visual represen-
tations, we are able to encode invariances and distinctiveness
to additional transformations, which significantly improves
our performance. Our approach is also more sample ef-
ficient, as we are able to achieve our results with 300 less
epochs of training. Finally, when pretrained on HT100M, we
achieve strong gains of +6.4% on HMDB-51 and +2.8% on
UCF-101 compared to the state-of-the-art video text method,
MIL-NCE [49]. Similar to AVID, MIL-NCE uses a vari-
ant of the baseline cross-modal contrastive framework to
learn representations, while we are able to improve upon
this baseline by learning invariance and distinctiveness to
additional transformations such as time reversal and time
shift. Moreover, with HT100M pre-training, we outperform
the Kinetics supervised baseline using the same architecture
when finetuned on HMDB-51 (67.4 vs 65.1) and are on par
for UCF-101 (94.1 vs 94.2). We further show the scalability
and flexibility of our GDT framework by pretraining on the
IG65M dataset [21]. With this, our visual feature represen-
tation sets a new state of the art among all self-supervised
methods, particularly by a margin of > 4% on the HMDB-51
dataset. On UCF-101, we set similar state-of-the-art perfor-
mance with XDC. Along with XDC, we beat the Kinetics
supervised pretraining baseline using the same architecture
and finetuning protocol.

5. Conclusion

We introduced the framework of Generalized Data Trans-
formations (GDTs), which allows one to capture, in a single
noise-contrastive objective, cues used in several prior con-
trastive and non-contrastive learning formulations, as well
as easily incorporate new ones. The framework shows how
new meaningful compositions of transformations can be ob-
tained, encoding valuable invariance and distinctiveness that
we want our representations to learn. Following this method-
ology, we achieved state-of-the-art results for self-supervised
pretraining on standard downstream video action recognition
benchmarks, even surpassing supervised pretraining. Over-
all, our method significantly increases the expressiveness of
contrastive learning for self-supervision, making it a flexible
tool for many multi-modal settings, where a large pool of
transformations exist and an optimal combination is sought.
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A. Appendix

A.1. Foundations of compositional contrastive
learning

In this section, we develop more formally a basic theory
of compositional contrastive learning formulation, providing
rigorous grounds for the approach described in Sec. 3.

Consider the problem of learning a function f : X — ).
In a contrastive setting, we are not given information about
the values of f; instead, we are given a contrast function
c: X x X — {0,1} which only tells for which pairs of
points z; and x5 f is the same and for which it differs:

Definition 1. The function f is compatible with the contrast
cif, and only if, for all x1,x5 € X:

(&1, 82) = O (e1)=f(2)-
A contrast function cannot be arbitrary:

Lemma 1. The predicate c¢(x1,x2) = 1 is an equivalence
relation if, and only if, there exists a function f compatible
with c.

Proof. If ¢(x1,x2) = 1 defines an equivalence relation on
A, then such a function is given by the projection on the
quotient f : X — X/c = ). On the other hand, setting

c(r1,22) = Of(zy)=f(z;) = 1 for any given function f
is reflexive, symmetric and transitive because the equality
f(z1) = f(x2) is. O

Definition 2. The contrast function c is admissible if, and
only if, c(x1,x2) = 1 defines an equivalence relation.

Full knowledge of the contrast function c only specifies
the level sets of the function f:

Lemma 2. Let f be any function compatible with the ad-
missible contrast c. Then, we can write f = 1o f as the
composition of an injection v : X/ f — Y and the (unique)
projection f : X — X/cof X onto the equivalence classes
X /¢ of the equivalence relation c(x1,x2) = 1.

Proof. From elementary algebra, we can decompose any
function f : X — ) as

frxLtixysy

where ¢ is an injective function and f projects X to the quo-
tient X'/ f, i.e. the collection of subsets X C X where f(x)
is constant (level sets). The latter are also the equivalence
classes of the relation f(z1) = f(x2). Due to definition I,
this is the same equivalence relation given by the contrast c,
sothat X/ f = X/c. O

Note that, in our contrastive learning formulation, we do
not define the contrast c on the sample space X', but rather on
the transformation space 7. The following lemma suggests
that defining a contrast ¢(7',7") on transformations instead
of data samples is usually acceptable:

Lemma 3. Letc : T x T — {0,1} be an admissible
contrast function defined on a set (e.g., a batch) of gen-
eralized data transformations T. Furthermore, let x be a
dataset and let ©(T) € X be the sample indexed by trans-
Sformation T. If x(T) = z(T") = T = T’ (i.e. differ-
ent transformations output different samples), then setting
é(x(T),z(T")) = c(T,T") defines part of an admissible
sample contrast function ¢ on X.

Proof. The expression above defines ¢ on the sample space
X = {2(T) : T € T} C X. Reflexivity, symmetry and
transitivity are inherited from c. However, if the same data
point (7)) = z(T") can be obtained from two different
transformations 7" and 7", the definition is ill posed. The
hypothesis in the lemma guarantees that this is not the case.

O

A.1.1 Compositional transformations

Next, we consider the case in which T' = (¢1,...,t5) isa
composition of individual transformations ¢.,,, each with its
own contrast t,,,:

Definition 3. We say that a contrast function c(tm,t' ) is
distinctive if it is given by 6y, —y, . We say that it is invariant
if it is identically one.

The following lemma provides a formula for the overall
contrast function ¢(7T', T') given the contrasts for the individ-
ual factors.

Lemma 4. Let ¢(t,,,t),) = 1 be admissible contrast func-
tions, either distinctive or invariant. Then, the product
(T, T = H%zl c(tm, th,) is also admissible.

Proof. The reflexive and symmetric properties are obviously
inherited. For the transitive property, note that ¢(T,T") = 1
if, and only if, Vm : ¢(t, t,,) = 1. Hence:

o(T,T') = o(T',T") = 1
= Ym:c(tm,t,) = c(t, tm) =1

m?'m

= Vm:cltm,th)=1 = T,7")=1.
O

Finally, we show that, essentially, the formula above is
the only reasonable one. For this, we only require ¢(T',T")
to be monotonic in the individual factors; i.e., if more factors
become 1, then ¢(T,T") can only grow:



Definition 4. We say that ¢(T,T") is monotonic in the indi-
vidual factors if, and only if, for any three transformations
T, T, T" such that c¢(tm,t'm) < c(tm,tr,) for all the fac-
tors, then we also have c(T,T") < ¢(T,T").

Next, we show that c can only have a very limited form:

Lemma 5. Suppose that the admissible monotonic contrast
o(T,T") is expressible solely as a function of the individual
admissible contrasts ¢(tm,t'm) form = 1,..., M. Then,
up to a permutation of the transformations, we can always
write

m

oD, 1) = [ elts t's)

i=1
where 0 < m < M. In particular, m = M is the only
option that is guaranteed not to ignore some of the factors.

Proof. From the assumptions, we can write
(T, T = hov(T,T)
where h is a function of the binary vector
o(T,T') = (c(t1,t'1), ... c(tar, t'ar)) € BM.

Furthermore, since invariant factors are constant, they do not
affect the function; hence, without loss of generality we can
assume that all factors are distinctive.

Since all factors are distinctive, we can construct two
transformations 77 = (t'y,...,t'p) and T" = (¢, ..., th,)
such that v(77,7"”) = (0,...,0) (i.e., all the contrasts
c(t' m, tir) are null). If ¢(T",T") = 1, then, due to mono-
tonicity, ¢(7”,T") is identically 1 and the lemma is proved
form = 0.

If not, let ¢(T7,T") = h(0,...,0) = 0. Then, for any
given binary vector v, we can construct a transformation

T = (t1,...,tp)suchthatv(T,T") = vand v(T,T") = v
as follows:
. t, ifu, =1,
m .
t!" ., otherwise.

We cannot have ¢(T,T") = h(v) = h(v) = (T, T") = 1;
otherwise, due to the transitivity of ¢, we would have
e(T", T") = h(0,...,0) = 1, which contradicts our as-
sumption. Hence, h must partition the space of binary vec-
tors in two halves, the ones for which h(v) = 1 and their
complements h(v) = 0.

Now let v be a vector with the minimal number of 1
such that h(v) = 1. Again without loss of generality, we
can assume this is of the type v = (1,...,1,0,...,0) with
m ones in front. Due to monotonicity, all vectors of type
v =(1,...,1,vm41,...,vp) must also have h(v') = 1;
by taking their complement, the previous result shows
that all vectors v”" = (0,...,0, V41, ...,vr) must have
h(v") = 0. This is also the case for any vector of the type

(v1y..,Um,0,...,0) where any v; = Ofor1 < i < m
(because m is the minimum number of ones required for
h(v) = 1). We conclude that h(v) = 1 if, and only if,
(v, om) = (1,...,1). O

A.1.2 Forming batches

Let 7; x --- x Tar be a composite space of generalized
data transformations, so that data points are indexed as
x(t1,...,tn). Furthermore, let ¢(¢,,,t,,) be correspond-
ing admissible contrast functions and let ¢(7T',7") be their
product, as in lemma 4. As before, we assume that the
functions are of two kinds:

e invariant: ¢(ty,,t,,) = 1.

o distinctive: c(tm,t,) = 0t

—t .
m=t,

Let I C {1,..., M} be the subset of indices m correspond-
ing to the invariant transformations and D = {1,..., M }\I
the distinctive ones.

Let sample(7;,; K. m) be a stochastic operator that sam-
ples K,,, < |7'm| transformations from 7,, without replace-
ment. We sample a batch recursively:

e Let 77 = sample(71; K1)
* Let T = Urer,,_, T o sample(Trn; Kom)

At each level of the recursion, each transformation is ex-
tended by sampling K, more transformations (note that
no two identical transformations can be generated in this
manner). Hence |Tas| = K7 -+ K.

Lemma 6. There are exactly ([],, Km)([1,,c; Km) pairs
of transformations (T, T") € Tar X Tar for which ¢(T,T") =
1. Of these, exactly [],, Ky, are trivial pairs (T = T').
Hence, there are ([],, Kim)([1,,c; Km — 1) non-trivial
pairs for which ¢(T,T") = 1.

Lemma 7. Foreach T € Ty, there are exactly ([ ],,, Km)—
(IL.cr Km) pairs (T, T") such that ¢(T,T") = 0.

For example, in SimCLR M = 2, D = {1}, I = {2},
K, = B/2, K5 = 2, |T3| = B, there are B(2—1) = B
non-trivial pairs of transformations for which ¢(7,7") = 1,
and, for each T, there are B — 2 pairs of transformations for
which ¢(T,T") = 0.

The lemmas above suggest that we should pick K, > 2
for at least one invariant factor and at least K,,, > 2 for at
least one distinctive factor, as otherwise eq. (1) is degenerate.

A.1.3 Limitations

In general, we want more restrictive requirements than the
one described above. When learning f, difficult (and there-
fore interesting) cases amount to: learning to be sensitive



to ‘small’ variations in the distinctive factors and learn to
be insensitive to ‘large’ variations in the invariant factors.
For the former, we would like f to observe variations in a
single distinctive factor at a time, as these are the ‘smallest’.
For these individual variations to exist at all in the batch, we
should choose K,,, > 2 for all distinctive factors m € D.

Even so, the hierarchical scheme in general prevents us
from observing all individual variations. In fact, suppose that
two transformations 7" and 7" in T differ for factor m (i.e.
tm # t,,). Then, the remaining factors t,,, 11 # ¢/, .1, ...
also differ in general because successive transformations are
sampled independently in different branches of the tree. This
means that we cannot, in general, observe a change in t,,
alone, so the function f may not learn to be distinctive to
this ‘minimal’ change in isolation.

Note that this is a limitation that affects our sampling
scheme as well as existing methods such as SimCLR. For-
tunately, in practice this is often not an issue. There are in
fact two mitigating factors, which apply to most existing
formulations, including the new ones presented here.

First, some transformations spaces 7T, are very small, and
in fact binary (e.g., modality splitting, time reversal). In this
case, K, = 2 means that transformations are sampled ex-
haustively, so for level m the hierarchical sampling scheme
does extract all possible combinations of transformations.

Second, in other cases the issue is moot due to the na-
ture of the transformations and the data. For instance, in
SimCLR the first transformation ¢; amounts to sampling a
certain image x;, and the second transformation ¢5 amounts
to sampling two data augmentation g1;(x;) and g2;(x;), dif-
ferent for each image. The issue here is that we cannot
observe a change in the index ¢ for the same augmentation
g(z1) and g(z2), as these data points do not exist in the
batch. This means that the representation f can only learn
to distinguish two different images x; that also have two
different augmentations applied to them. Because of the
particular nature of the training data (ImageNet) this is likely
irrelevant since different images x; are unrelated in any case,
so applying transformations does not significantly alter their
statistical relationships.

However, note that this is not always the case. For in-
stance, if SImCLR was applied to a dataset of pre-aligned
faces (for the purpose of learning face recognition), then be-
ing unable to contrast different faces g(z1) and g(z2) under
the same transformation g would make negative pairs far to
easy to discriminate.

A.2. Reduction in variance theorem

A.2.1 Proof of theorem 1

For ease of notation, we will express eq. | as the expected
value of a loss function ¢, which subsumes the weight (w),

contrast (), feature extractor (®) and log-softmax functions:

L= D [€ (=(T),2(1"))] - (2)

The expectation is over pairs of transformations in T =
’fl X ... X ’fM, the space of all compositions of transforma-
tions, which can be applied to the data x. Note that eq. 1
contains a sum over a third transformation (7"') to compute
the softmax’s normalization, which is also subsumed by ¢
in eq. 2 as this third transformation is not essential for the
rest of the proof. We will separate each transformation into
invariant and distinctive parts, T = (T, T") respectively
with TT € 7} and TV € 7'V (see sec. A.1.2). Note that this
separation is merely a notational convenience; the individual
transformations can be applied to the data in any order, with
o(TT, TV) = z(t; o ... o tyr), and each t; belonging to
either 7 or TV. Then, eq. 2 becomes:

L=Eqpi g, ovoveds, [ (z(T", V), 2" (T, T'V))] .

Consider a mini-batch of data sample pairs and
their associated transformation compositions, Byirect

K2K2 K
{TiI,TiV,T/f’T/E/}i:I v sampled as TiI,T’f ~ 77 and

TV, T’ ~ Ty. The batch size is a function of K; =
[[jer Kj and Kv = ][,y Kj, the number of sampled
invariant and distinctive transformations in our method, re-
spectively. The batch size of K? K2 was chosen to allow a
direct comparison. The expected value of the loss over this
batch is then the simple empirical average:

| KiKE
e L [y e Y
£d_K?K‘2/ Z E(m(Tzvn )’x(T’L7T’L )) (3)

Now consider the domain of transformed samples X =
{x(T!, TV) : T € T;,TV € Tv}. Due to the assumed
injectivity of all t € T, we may partition the domain using
one partition X; = {z(T',T}") : T' € 71} per distinctive
transformation T]-V, ie: X = Uf‘/ X;, with X; N X =
(b, V4,4'. The probability distribution of the samples has
density p(T*, T"), and the density in each partition is thus
pi(T") = Kyp(T")dr1¢x,, with § the indicator function.

GDT can then be interpreted as a stratified sampling
method, with one stratum (partition) per pair of distinc-
tive transformations. The domain being sampled by the
expectation in eq. 2 is X? = Uﬁ‘/’K‘/ X; x X, and strati-
fied sampling consists of sampling an equal number of K7
sample pairs from each of the K partitions:

K;,Kr,Kv,Kv

1
(=T 1)), (T, 1)) -

f- L
“4)

Note the subtle difference from eq. 3 in the summation
ranges, and that the same samples and transformations are



reused for both elements of each pair, instead of being sam-
pled independently to fill a mini-batch. To make the follow-
ing derivations easier, note that we can equivalently express
eq. 4 as:

1 Bukv
L=1s > Ly,
V jj/

with ﬁjj' = %? ZzKi’I’KI t (x(TiIa ij)v x(TiI” Tj‘{))‘ We
will first show that this pairwise stratified sampling is an

unbiased estimate of eq. 2:

= 7[(2
V ‘7‘7/

1 Kv,Kv
e > Liy
|4 53

= ﬁ’

where we use the expectation L;;, of the loss function
evaluated on the partition 75’ (corresponding to distinc-
tive transformations with indices j and j’), as L;;; =
I v I v

Errcx, riex, [ (=T T)),=(T",T}))].

Similarly, we can also define each partition’s loss vari-

2 I v I Vv

ance 07, = VTIEQ(J_’T/IG.XJ,,.[Z (z(T1, 1)), (T, T})))].
Then, from eq. 4 we obtain directly

1 Kv,Kv
VI = o 3 VL]
V jj/
Kv,Kv

1 2
- K4 KQ Z Ujj"

As a point of comparison, the variance of the direct sam-
pling estimate is:

X 1
V[Ly] = e ((Eqrr e [C (T, TY), (T, T")
VI
a(T,T'V))] - £?))
Kv,Kv
1 1
“WR \Rp L Prewmiey
[ (a(T", 1)), (T, T})))] — £*
1 1 Kv,Kv
— 2 2 2
K |\ k2 ; (L350 +55) = £
Ky, Ky

1
= W Z (0'32-]-/ + (‘ij/ — ,C)Q)
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Kv,Kv

1
> — E o2
= K4 K2 79
completing the proof. O

A.3. Additional experimental results

A.3.1 Modality ablation

In table A.1, we provide the results of running our baseline
model (sample-distinctiveness only) within-modally instead
of across modalities and find a sharp drop in performance.
Table A.1: Within vs cross-modal learning. Results on ac-
tion classification performance on HMDB-51 and UCF-101
is shown for finetuning accuracy (Acc) and frozen retrieval
(recall@1) after pretraining on Kinetics-400 for 50 epochs.

HMDB UCF
Acc. R@1 Acc. R@1

Within-modal 37.8 13.9 76.4 28.0
Cross-modal 524 21.8 87.6 54.8

A.3.2 Dataset details

The Kinetics-400 dataset [39] is human action video dataset,
consisting of 240k training videos, with each video repre-
senting one of 400 action classes. After filtering out videos
without audio, we are left with 230k training videos, which
we use for pretraining our model.

HT100M [50] is a large-scale instructional video collec-
tion of 1.2 million Youtube videos, along with automatic
speech recognition transcripts. There are more than 100
million clips (ASR segments) defined in HowTo100M.

HMDB-51 [42] consists of 7K video clips spanning 51
different human activities. HMDB-51 has three train/test
splits of size 5k/2k respectively.

UCF-101 [67] contains 13K videos from 101 human ac-
tion classes, and has three train/test splits of size 11k/2k
respectively.

IG65M [21] is a large-scale weakly supervised dataset
collected from a social media website, consisting of 65M
videos of human action events. We use the all the videos in
the dataset for pretraining.

A.3.3 Preprocessing details

The video inputs are 30 consecutive frames from a randomly
chosen starting point in the video. These frames are resized
such that the shorter side is between 128 and 160, and a cen-
ter crop of size 112 is extracted, with color-jittering applied.
A random horizontal flip is then applied with probability
0.5, and then the inputs’ channels are z-normalized using



mean and standard deviation statistics calculated across each
dataset.

One second of audio is processed as a 1 x 40 x 99 image,
by taking the log-mel bank features with 40 filters and 99
time-frames after random volume jittering between 90% and
110% is applied to raw waveform, similar to [4]. The spec-
trogram is then Z-normalized, as in [41]. Spec-Augment is
then used to apply random frequency masking to the spectro-
gram with maximal blocking width 3 and sampled 1 times.
Similarly, time-masking is applied with maximum width 6
and sampled 1 times.

For the text, we remove stop words from the narrations
as in [50]. For each narration, we take a maximum of 16
consecutive words covering a max duration of 4 seconds as

in [49].

A.3.4 Pretraining details

We use R(2+1)D-18 [72] as the visual encoder f, and
ResNet [32] with 9 layers as the audio encoder f, unless
otherwise noted; both encoders produce a fixed-dimensional
output (512-D) after global spatio-temporal average pool-
ing. For the text encoder, we use the Google News self-
supervised pre-trained word2vec (d=300) embedding [51],
that is linearly projected to 2048D and max-pooled as in
[49]. After the inputs are encoded by their respective modal-
ity encoders, the vectors are then passed through two fully-
connected layers with intermediate size of 512 to produce
256-D embeddings as in [8] which are normalized by their
L2-norm [77]. The embedding is used for computing the
contrastive loss, while for downstream tasks, a linear layer
after the global spatio-temporal average pooling is randomly
initialized. For NCE contrastive learning, the temperature p
is set as 1/0.07. For optimizing these networks, we use SGD.
The SGD weight decay is 10~ and the SGD momentum is
0.9. We use a mini-batch size of 8 on each of our 64 GPUs
giving an effective batch size of 512 for distributed training.
The initial learning rate is set to 0.01 which we linearly scale
with the number of GPUs, after following a gradual warm-up
schedule for the first 10 epochs [24]. For Kinetics, we train
for 100 epochs (3 days), while for HT100M, we train for 40
epochs (3 days).

A.3.5 Ablation experiment details

For the ablations, we only pretrain for 50 epochs on the
Kinetics-400 dataset, and 20 epochs on the HT100M dataset,
since it is a much larger dataset.

For downstream evaluation, we only evaluate on the first
fold of HMDB-51 but found the performance between folds
to be close (within 1%).

A.3.6 Evaluation details

All evaluation code is provided in the Supplementary Mate-
rial.

Video Action Recognition. During training, we take 10
random clips of length 32 frames from each video. For video
clip augmentations, we follow a standard protocol as in
[41]. During evaluation, we uniformly sample 10 clips from
each video, average softmax scores, and predict the class
having the highest mean softmax score. We then measure the
mean video top-1 accuracy across all videos and all official
folds. During training, we use SGD with initial learning rate
0.0025, which we gradually warm up to 2- 1072 in the first 2
epochs. The weight decay is set to 5-10~2 and momentum to
0.9. We use a mini-batch size of 32 and train for 12 epochs
with the learning rate multiplied by 5 - 1072 at 6 and 10
epochs. We compare our GDT pretrained model with both
self-supervised methods, and supervised pretraining, and
report average top-1 accuracies on UCF101 and HMDB-51
action recognition task across three folds in table 4.
Few-shot classification We follow the protocol in [38]
and evaluate our our GDT pretrained network using few-
shot classification on the UCF-101 dataset, and additionally
on HMDB-51. We randomly sample n videos per class from
the train set, average the encoder’s global average pooled
features from ten clips per training sample and measure
classification accuracy performance on the validation set
using a k-nearest neighbor classifier, with k set to 1.

Video Retrieval. We follow the standard protocol as out-
lined in [80]. We use the split 1 of UCF101, and additionally
HMDB-51. We uniformly sample 10 clips per video, and
average the max-pooled features after the last residual block
for each clip per video. We use these averaged features from
the validation set to query the videos in the training set. The
cosine distance of representations between the query clip
and all clips in the training set are computed. When the class
of a test clip appears in the classes of k nearest training clips,
it is considered to be correctly predicted. We report accura-
cies for k£ = 1, 5, 20 and compare with other self-supervised
methods on UCF101 and HMDB-51 in table 3.

PCA t-SNE

Fig. A.1: Feature visualizations with PCA and t-SNE on 30
videos of a single, random class of HMDB-51. For each
video, we sample 10 temporal clips and encode video-ID
with color. Embeddings are generated from our time-shift
distinct model (Tab.1 (1)).



A.3.7 Additional Qualitative analysis

In fig. A.1, we present a PCA and t-SNE [73] plots of the
features obtained by our model (DS-d, TR-d, TS-d) (Tab. 1,
row (1)). We observe that even comparing to videos of the
same action category, the individual clips are well separated,
showing that the model is learning to distinguish between
different time intervals.
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Abstract

The quality of the image representations obtained from
self-supervised learning depends strongly on the type of
data augmentations used in the learning formulation. Re-
cent papers have ported these methods from still images
to videos and found that leveraging both audio and video
signals yields strong gains; however, they did not find that
spatial augmentations such as cropping, which are very im-
portant for still images, work as well for videos. In this
paper, we improve these formulations in two ways unique
to the spatio-temporal aspect of videos. First, for space, we
show that spatial augmentations such as cropping do work
well for videos too, but that previous implementations, due
to the high processing and memory cost, could not do this
at a scale sufficient for it to work well. To address this is-
sue, we first introduce Feature Crop, a method to simulate
such augmentations much more efficiently directly in fea-
ture space. Second, we show that as opposed to naive av-
erage pooling, the use of transformer-based attention im-
proves performance significantly, and is well suited for pro-
cessing feature crops. Combining both of our discoveries
into a new method, Space-Time Crop & Attend (STiCA)
we achieve state-of-the-art performance across multiple
video-representation learning benchmarks. In particular,
we achieve new state-of-the-art accuracies of 67.0% on
HMDB-51 and 93.1% on UCF-101 when pre-training on
Kinetics-400. Code and pretrained models are available'.

1. Introduction

Visual representations have evolved significantly in the
last two decades. The first generation of representations

*Equal contribution.
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Figure 1: HMDB-51 accuracy vs epoch. Our method,
STiCA, combines space-time crops in feature space with
self-attention of time in latent space. This yields significant
benefits not only in performance but also in speed compared
to cropping in input space using two RGB crops, or simply
using the default cross-modal only loss. Compared to recent
state-of-the-art cross-modal self-supervised learning meth-
ods (XDC [6], GDT [106], AVID-CMA [97], SeLaVi [9])
pre-trained on Kinetics-400 [69] STiCA is able to achieve
significantly better results in fewer epochs.

comprises algorithms such as SIFT [87] and HOG [30] that
were designed manually. The second generation comprises
representations learned from data by using deep neural net-
works and manual supervision [31, 59, 76]. We are now
transitioning to the third generation, where representations
are learned from data without using any manual annotations
by means of self-supervision. Current self-supervised rep-



resentations, obtained from methods such as MoCo [57],
SimCLR [24] or SWAV [20], convincingly outperform su-
pervised ones on downstream tasks such as image classi-
fication, segmentation and object detection. Furthermore,
most of these methods are based on noise-contrastive in-
stance discrimination, which was proposed in ExemplarC-
NNs [39] and put in its current form in [142] and [101].
The idea is to learn representations that are invariant to ir-
relevant factors of variations, modelled by strong augmen-
tations such as image cropping, while remaining distinctive
for the identity of the image.

Noise-contrastive learning is of course not limited to still
images. In particular, a number of recent approaches [54,

, 97, ] have used noise-contrastive formulations to
learn visual or audio-visual representations. However, these
methods are not as well developed as their counterparts for
still images, with current state-of-the-art methods [54, ]
still lagging behind their supervised counterparts.

In this paper, we identify two areas in which current
video representation learning formulations are lacking and
improve on them, thus significantly improving upon the cur-
rent state of the art in this area.

The first shortcoming is the lack of a sufficient encoding
of spatial invariances. For still images, learning spatial
invariances has been shown to be one of the most impor-
tant factors for performance [20, 24]. Almost all methods
achieve some form of spatial invariance simply by apply-
ing different spatial augmentations to the images in different
epochs of training. However, learning spatial invariances in
this manner requires a slow training process that lasts for
many epochs (~800). Authors have suggested that pack-
ing several augmentations of the same image in a single
data batch is more effective as it provides a much stronger
and more direct incentive for the network to learn invari-
ances [20].

For videos, both strategies are less feasible. Training a
model for 200 epochs on Kinetics-400 [69] already requires
around 1.5K GPU hours on recent Nvidia V100 architec-
tures, and with recent datasets such as IG65M [45] and
HowTo100M [94] only a handful of epochs can realistically
be completed. On the other hand, including multiple aug-
mentations of the same video in a batch rapidly exhausts the
memory of GPUs. Since batch sizes per GPU are already
in the single digits due to the size of video data, includ-
ing several augmentations is unfeasible. This is particular
detrimental for recent contrastive learning approaches such
as [24, 58], where reducing the batch size means reducing
the pool of negative contrastive samples.

In order to solve this problem, we propose to move spa-
tial augmentations to the feature space, in a manner specifi-
cally tailored to contrastive learning. Instead of extracting a
large number R of different augmentations in the input RGB
space, we extract only two of them, apply the trunk of the

neural network to extract corresponding features, and then
extract R/2 more augmentations directly in feature space.
In this way, one needs to evaluate the slow and memory
taxing feature extraction part of the network only twice, re-
gardless of the number of augmentations that are produced.
We show that this feature-level augmentation significantly
improves representation learning performance.

The second challenge that we tackle is how to best en-
code temporal information in self-supervised video rep-
resentation learning. Currently, most self-supervised video
representation learning approaches use 3D-CNNs [21, ,

, ] that compute convolutions across space and time,
but the final representation is generated by naive global av-
erage pooling over space and time, crucially discarding tem-
poral ordering.

In order to address this shortcoming, in this work we
propose to use a contextualized pooling function based on
the transformer architecture [135] for both self-supervised
pretraining and supervised finetuning. The intuition is that,
via multi-head self-attention, the transformer can capture
temporal dependencies much better than average pooling,
especially for longer inputs. Transformers can also bene-
fit from our feature-level crops, as the latter resemble the
common approach of randomly masking the inputs to the
transformer [62]. Experimental results show that this modi-
fication improves the performance of the learned video rep-
resentations substantially, and is cumulative with the benefit
of feature crops, at about the same cost of average pooling.

We combine both of our proposed improvements into a
new self-supervised learning approach: Space-Time Atten-
tion and Cropping (STiCA). To summarize, with STICA we
make the following three main contributions:

* We demonstrate the benefits of stronger spatial invari-
ances in self-supervised video representation learning
for the first time and we propose feature-level augmen-
tation to implement the latter efficiently.

* We propose to use transformers to model time more
effectively in self-supervised video representations, re-
placing average as the pooling function.

* We demonstrate strong performance gains by using the
two techniques and obtain state-of-the-art performance
on two standard benchmarks (67.0% on HMDB-51
and 93.1% on UCF-101).

2. Related Works

Self-supervised Image Representation Learning. Self-
supervised learning uses pretext tasks to automatically and
easily generate differentiable learning signals from the data
itself in order to train convolutional neural networks. A
variety of pretext tasks have been proposed such as col-
orization [ 148, ], predicting artificial rotations [46], in-



painting [105], spatial context [35, ], and clustering fea-
tures [11, 18, 19, 20, 64, 83]. Recently, contrastive meth-
ods [50, 51] have proven to be particularly effective at learn-

ing transferable image representations [13, 24, 49, 57, 95,

) ]'

Self-supervised Video Representation Learning. For
videos, pretext tasks often seek to leverage the temporal
dimension to learn representations. Such tasks include

predicting clip and sequence order [79, 96, ], future
events [52, 53], the arrow of time [140], 3D geometric trans-
formations [05, 71], playback speed [14, 40, 63, ], or

motion statistics [136].

Multi-Modal Learning. The co-occurrence and syn-
chronicity of multiple modalities from videos have been
used to learn visual representations from both audio-
video [0, 7, 9, 74, 90, 97, s ], and speech-video [5,
, 85, 92, 93, , , , s ] data. Multi-
modal representation learning has several practical appli-
cations: lip reading [3, 26, 27], audio-visual source separa-
tion and localization [2, 4, 8, 56, , ], speech recogni-
tion [1, ], efficient inference [43, 75], egocentric action
recognition [70] and audio-visual navigation [22].

Data Augmentations. Data augmentation has proven to
be useful in training deep learning models in many domains,
from vision [28, 29, ] to speech [103]. Data transfor-
mations are the foundation of most self-supervised works,
and there has been early attempts to even learn the opti-
mal distribution of transformations [ 16, 29]. Particularly for
contrastive learning, the choice of data transformations has
been shown to be particularly important to learn desirable
invariances and equivariances [95, , R 1.

Transformations in Feature-Space. Some works have
proposed forms of augmentation in feature-space, by adding
noise and linear transformations [129], and by associating
samples to prototypes in feature-space [78]. These augmen-
tations do not correspond to interpretable geometric opera-
tions, however. Crops in feature-space are commonly used
in supervised detection pipelines, such as Faster R-CNN
and region-based architectures [115], and in earlier detec-
tors based on manually-engineered features [30]. How-
ever, the objective of these transformations is to enumerate
a space of outputs (e.g. bounding box predictions) for su-
pervised prediction. In self-supervised learning, while [66]
uses feature mixing to create harder negatives for con-
trastive learning, we are instead interested in using feature
crop augmentation to achieve spatial invariance.

Temporal Modeling. Videos extend images by adding a
temporal dimension. Therefore, there has been a large fam-
ily of research that has looked into how to model tempo-
ral information in videos. Early works incorporated tem-
poral information via average pooling of frame/clip-level

features [48, 68, ], while later work used 3D convolu-
tion neural networks [132, , ] and recurrent-neural
networks [37]. Other approaches leverage long-term tem-
poral convolutions [134], self-attention [139], relation net-
works [152], multi-scale temporal convolutions [61], or op-
tical flow in a two stream network [119].

Transformers in Vision. With the success of the trans-
former architecture [135] in natural language process-
ing [62], transformers are being used in various vision
domains such as image representation learning [23, 32,

s , ], image generation [104], object detec-
tion [17, 86], few-shot learning [36], video action recog-
nition [15, 47, 99, ], video question-answering [67],
image-text [84, 88, ) ) ] and video-text [42, 73,
] representation learning.

s b} )

3. Method

Our goal is to learn a general-purpose data representa-
tion ® : X — Z = RP that maps data = € X to feature
vectors z = ®(x). In the supervised setting, representa-
tions are learned end-to-end as components of larger sys-
tems that solve certain tasks of interest, such as image or
video classification, under the assumption that supervision
is available to drive the learning process. When supervision
is not available, representations can still be learned via self-
supervision by means of suitable pretext tasks. Among the
latter, noise contrastive learning is one of the most popu-
lar and successful ones [24, ]. We summarize this back-
ground next and discuss our extensions in the following sec-
tions.

3.1. Background: Multi-modal contrastive learning

The idea is to train the representation ® to identify data
points up to the addition of noise or, more generally, the ap-
plication of certain nuisance transformations. To this end,
let g : X — X be transformations sampled in a set G of
possible nuisances (for example random image crops). Let
sim(z’, z’") be a similarity function comparing representa-
tions z’ and z”, such as the cosine similarity:

iy o (2',2")
) = e

Consider a dataset or batch B = {1, ..., xx } of data sam-
ples. Slightly modifying [24], for each sample x;, draw a
set of random nuisance transformations {gq; }1<;<n and let
Zai = P(gai(x;)) be the representations of the transformed
samples. Likewise, consider a second set 3 of transfor-
mations {gg; }1<i<n. The noise contrastive loss (NCE) is
given by:

% sim(zai,28:)

N
1 e
L(a,p) = N Zlog TN T sim(zanzs)) M
i=1 J
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Figure 2: Approach Overview. We present a self-supervised approach that learns video representations without labels.
(Top) Prior work in video representation learning did not capture spatial invariances, as taking many crops of the input (at
varying locations and scales), quickly gets expensive in both compute and memory. (Bottom) The proposed method generates
a large variety of views from only two RGB-crops by cropping in latent space and is particularly tailored to self-supervised
contrastive learning. The latent crops are essentially masked features, which are then further processed by a light-weight
temporal transformer. Compared to global pooling, this allows our method to further capture the rich temporal signal.

where 7 > 0 is a temperature parameter. This loss pulls
together the representations of samples that only differ by
the transformation while pushing apart the others. Note that
this definition is not symmetric in the two arguments o and
B (.e., L(a,B) # L(B, ). Note also that we can introduce
any number of transformation sets «, 3,7, . . . and, for each
pair, we can obtain a different variant of eq. (1).

Recently, works such as [106] have ported this technique
to the video domain by contrasting modalities. Each video
x = (v,a) consists of a visual component v and an au-
dio component a. One consider two sets of transformations
gv, extracting and augmenting the visual component, and
Ja, extracting and augmenting the audio component. We
still write ® (g4 (x)) for the feature computed for either vi-
sual and audio components, but the symbol means that a
modality-specific neural network is applied as needed.’

With this, we can derive three variants of eq. (1), involv-
ing mixed visual-audio and homogeneous visual-visual and
audio-audio comparisons. Their combinations are:

)\7)a‘c(va CL) + )‘amﬁ(aa 1}) + >\1)11£(U13 UZ) + )\aa[’(ah a2)-

(2
where Ayq, Aqu, Apw and A, are non-negative mixing
weights.

Challenge 1: Encoding within-modality invariance.
While all terms in 2 code for desirable invariances of the
representation, several recent papers [90, 97, ] have
found that the mixed term \,, is far more important than
the other two; in fact, performance degrades if one sets
Aaa, Avw # 0, meaning that within-modal invariances are

21n other words, ® = (®y, Pg) is really a pair of networks, producing
embedding vectors 2z, that are compatible regardless of the modality o €

{v,a}.

not successfully leveraged. Our hypothesis is that within-
modality invariance can be beneficial, and that these early
negative results are due to the fact that current learning for-
mulations are ineffective at capitalizing on this signal.

As suggested in Sec. 1, the fact that video data is large
means that the batch size used in learning must be small. As
a consequence, a batch can contain only a very small num-
ber of different augmentations of the same video sample.
In current multi-modal learning formulations, each video is
already transformed twice in order to extract video and au-
dio components, so cross-modal invariance is learned well.
However, the downside is that there is no space left in the
batch for multiple visual or audio augmentations. Thus,
within-modality invariance is learned only indirectly — in
particular, as noted in Sec. 1, two different visual or audio
augmentations of the same video are visited by the model
only after an entire training epoch. Next, we address this is-
sue by making it feasible to extract several within-modality
transformations in the same batch even for video data.

3.2. Efficient spatial cropping for augmentation

It has been found that self-supervised learning bene-
fits from, and requires more and stronger augmentations
compared to the supervised counterpart for optimal perfor-
mance [24]. In particular, several papers [10, 20, 24] have
suggested that, in the case of still images, the most im-
portant type of augmentation is cropping. Namely, given
an RGB image & € R3*H#*W yith three channels and
height and width H and W respectively, a crop is given by
abox B = (Tmin, Tmaxs Ymin, Ymax ). The image tensor is first
cropped as:

Cp(x) = L., YuminYmax> Tmin: Tmax] 3)



where the : symbol is used to denote an index range. The
cropped tensor is then resized to a tensor £ = g(x) =
Ru,w, (Cp(x)) € R3>*HoxWo with a given height and
width Hy x Wy. In practice, Ry,w, may also apply ad-
ditional augmentations such as color jittering, as detailed in
the experiments.

As for the visual part v € of a video, the
situation is similar, except that the video also contains an
additional temporal dimension 7'. To avoid extreme spatial
jittering and keep objects aligned, a spatial crop is usually
taken at the same location in the input space throughout the
whole temporal dimension, so we consider the tube B =
(xminy Tmax; Ymins Ymax tmina tmax) and define v = gv('v) =
Ru,w, (Cp(v)) € R3*ToxHoxWo by extending (3) in the
obvious way.

The deep neural network z = ®(¥) mapping v to its
corresponding code z is fed with tensors with two spa-
tial dimensions and a temporal one. Such networks, often
called 3D for this reason, include R3D [55], S3D [144] and
R(2+1)D [133]. As customary in deep convolutional neu-
ral networks, they first produce an intermediate tensor with
lower space-time resolution and then pool the latter to ob-
tain a single code vector for the entire video. We explicitly
break this down into three functions

RSXTXHXW

®(v) = (ProPs o U)(D) “)

Here, the first function is a 3D convolutional neural network
V(o) € RPXTxHixWi producing a tensor with reduced
resolution 77 < Ty, Hy < Hy, W1 < Wy. The operators
‘Ps and P, collapse, respectively, spatial and time dimen-
sions via average pooling.

Now consider implementing term £(vy,v2) in 2. In this
case, one samples from each video x; two different space-
time crops g,,i(x;) and g,,;(x;), each corresponding to
random tubes B; and Bj respectively. The tubes are not
sampled entirely independently, however, as they have the
same temporal extent (£min, tmax )-

Naive multiple spatial cropping In practice, [20, 24, 82,
] show that taking multiple image crops improves self-
supervised image representations. We can achieve a similar
effect for videos by summing losses £(v,,vg) for sets of
visual transformations v, 7# vg, obtained by sampling mul-
tiple space-time tubes for each video, but this is practically
difficult, both due to the large memory footprint and the
compute overhead of the slow 3D CNN for each crop.

The Multi-Crop approach introduced by SWAV [20] in
the image domain combined with our asymmetric con-
trastive formulation (1) can partially reduce the complex-
ity. For Multi-Crop, we consider three crop sizes a €
{L1, Lo, S} where L; and Ly stands for large and S for
small. The use of a small crop allows to reduce the memory
consumption when the representation ¢ is computed. We

then have losses:
L(vr,,vL,) + L(vL,,vn,) + L(vr,,vs) + L(vL,,vs).

While operating on small videos saves some computation,
in practice this approach is insufficient to allow using more
than a handful of crops in total.

Efficient cropping in feature space. As illustrated
in Fig. 2, a much more efficient alternative to cropping the
input video is to crop intermediate features.

To do so, we first apply the trunk ¥ of the representation
to an input-space crop of the visual component of the video
v = Ru,w,(Cp(v)) € RPXT1xHixWi_ Then we can ef-
ficiently construct a new view of this data by applying the
Feature Crop C'z directly on each intermediate representa-
tion, yielding

v = CB(\II(i})) = \I}(i})[tmin:tmax; Ymin *Ymax mmin:fvmax] (5)

Since the operator C'z is lightweight, it can be used to com-
pute several such random views efficiently; by comparison,
cropping the input RGB images requires recomputing the
trunk W multiple times.

In practice, given an input video v, we generate the
following views. First, we apply two crops in RGB
space, producing two large crops L; and Lo. Then,
for each of those, we use the operator (5) to gener-
ate m medium-sized and n small-sized crops T; =
{M1L;,... , My, L;;S1L;,...,S,L;}. We define an over-
all within-modality loss by summing losses for each pairs
of views in 7 with exception of pairs where both crops are
small:

Lyy = Zﬁ(”aavﬁ) + L(vg,vy), where
a,B
(,8) € (TL x T2) — (S1 X S2)  (6)

Note that there are 2((m -+n)? —n?) terms in this loss. This
is a far greater number of comparison than afforded by the
two initial input-space RGB crops.

3.3. Temporal modelling with transformers

We now discuss our second improvement: better mod-
elling of time.

Challenge 2: Modelling time better. Contrary to spatial
invariance, models should not be fully invariant to time as
the latter can encode causality and with it semantics: a video
of someone starting a fire is very different from its reversed
version, in which someone extinguishes it. In standard 3D
networks, features in the trunk are sensitive to the temporal
order, but this information is lost in the final stage, where
temporal averaging is applied. We argue that the value of
the lost information increases with the length of the video,
and that this information can be leveraged by switching to a
different pooling function.



Temporal transformer. We propose to tackle this issue
by replacing average pooling in time P; in eq. (4) with a
transformer Pyanst. Transformers [135] have been shown
effective for representing sequential inputs in the NLP do-
main [62, 81, , ]. After spatial averaging, the output
h = P,(¥(v)) € RPXT1 of the network has one feature
vector per time step, and is thus amenable to processing by
a transformer. The feature h, which differs in latent time-
dimension size from its uncropped variant can be seen as
masking the transformer’s attention. Masking attention has
been used in transformer encoder-decoder training to pre-
vent the model from cheating [33] and encourage it to lever-
age information from the context. We use a shallow and
light-weight transformer on top of our feature cropping pro-
cedure, which we show to be sufficient to reap the benefit of
better temporal modelling incurring only a very small com-
putational cost. We use 2-layers and 4 self-attention heads
and provide further details on the transformer architecture
in the Appendix.

3.4. Overall loss

Our combined model, STiCA, better learns space-time
invariances and relationships by cropping in space-time
and leveraging temporal attention with a transformer. For
training, we sample N videos in a batch and, for each
of them, compute two ‘large’ visual crops in RGB space,
2(n + m) small and medium feature crops (Sec. 3.2), and
an audio augmentation a. With those, the overall objec-
tive is obtained by summing the within-modality loss L.,
from eq. (6) to the cross modality losses:

L= )\vavv + )\vaLuay (7)
where L,,=L(vr,,,a)+L(vr,,a)+L(a,v,)+L(a,vL,).

4. Experiments

We first describe the datasets (Sec. 4) and implementa-
tion details (Sec. 4) for pretraining. In Sec. 4.1, we describe
the downstream tasks for evaluating the representation ob-
tained from self-supervised learning. In Sec. 4.2, we ablate
the various components of our method, and the importance
of temporal context and multi-modality in Sec. 4.3. Lastly,
in Sec. 4.4, we compare with prior work in video and multi-
modal representation learning.

Data. We pretrain on the Kinetics-400 dataset [69], which
contains about 230K training videos and 13K validation
videos belonging to 400 action classes. This dataset is
the “ImageNet” for video representation learning due to
its moderate size and being public, allowing for broad ac-
cess and comparability. After pretraining, we evaluate us-
ing video action retrieval and action recognition on HMDB-
51 [77] and UCF-101 [120]. HMDB-51 [77] consists of 7K

video clips spanning 51 different human activities. HMDB-
51 has three train/test splits of size SK/2K respectively.
UCF-101 [120] contains 13K videos from 101 human ac-
tion classes, and has three train/test splits of size 11K/2K
respectively.

Implementation details. Following [106], we use the
R(2+1)-18 [133] network as visual encoder and ResNet [59]
with 9 layers as audio encoder. We train for 100 epochs and
use 30 frames with temporal stride of 1 at sampling rate of
30fps at spatial resolution of 112 x 112 as input. In our
ablations, we evaluate the learned representation by fine-
tuning the visual encoder on fold 1 of the HMDB-51 [77]
action recognition dataset. Further implementation details
are given in the Appendix.

4.1. Downstream tasks

Video action retrieval. For video retrieval, we follow the
standard protocol described in [145]. We use the split 1
of UCF-101, and additionally HMDB-51. We uniformly
sample 10 clips per video, max pool and then average the
features after the last residual block for each clip per video.
We use these averaged features from the validation set to
query the videos in the training set. If the class of a retrieved
video matches the class of query video, we count it as a
match. We measure recall at k=1, 5, 20.

Video action recognition. As is standard in the literature,
we evaluate our pretrained representations by finetuning our
visual backbone on the video action recognition task on
HMDB-51 and UCF-101 datasets. We closely follow the
finetuning schedule of GDT [106]. During finetuning, we
use SGD with initial learning rate 0.0025, which we gradu-
ally warm up to 0.02 in the first 2 epochs The weight decay
is set to 0.005 and momentum to 0.9. We use a mini-batch
size of 32 and train for 12 epochs with the learning rate
multiplied by 0.05 at 6 and 10 epochs. For training, we
randomly sample 1s clips per video, and during evaluation,
we uniformly sample 10 clips from each video and apply
3-crop evaluation as in [41].

4.2. Comparison experiments and ablations

Cropping augmentation. In Tab. la, we ablate the im-
portance of spatial augmentation in learning video represen-
tations. We compare our proposed Feature Crop augmenta-
tion, C'z, to the recently proposed Multi-Crop augmentation
strategy [20] and other baseline approaches. Multi-Crop has
proven to be effective in image self-supervised learning be-
cause it forces the model to learn local-to-global associa-
tions, by explicitly enforcing invariance between features of
large-crops and those of multiple small crops. While effec-
tive, it can be particularly computationally intensive, which,
with our hardware, limits its use to only two large crops and
one small crop when applied to video representation learn-



Table 1: Comparison experiments and ablations. We compare key parameters and settings of our proposed method. We
report results model performance at epoch 100 and with 30 frames and without transformer unless noted otherwise.

Cropping-strategy Resolution GPU-h/epoch Acc.
Default 1x1122 17.3 54.0
Two RGB Crops 2x1122 29.3 58.6
Multi RGB Crops [20] 2x 1122 +1 x 962 46.7 59.3
Ours (Feature Crop) 2% 1122 + latent 29.3 60.4

(a) Cropping yields benefits but requires more compute. Our feature crops are
]. Note that all models are trained for 100 epochs.

efficient and outperform [

[-Spatial size [-Temporal size Acc.
M S M S

1x 72 1x 4 54.0
1x62 2x42 1x4 59.9
1x62 2x42 2x3 1x2 584
2x62 4x42 2x3 1x2 604

(b) Feature crops. Heavier augmentations in latent (/)
space and time lead to better representations.

Pretraining Finetuning Acc

Transf.? Layers Params GFLOPS Acc.

Ospacc Ctime T? Acc.

Pt Pt 54.0 X 0
Pt Piranst 54.6 X 0
Prranst P 52.1 v 2
7Dtransf Plransf 60.3 v 4

37.2M
42.8M
42.4M
47. ™

777 54.0 X X X 54.0
80.0 57.3 4 X X 59.9
77.8 60.3 v v X 604
77.8 58.3 v v v/ 620

(¢) Pooling. Compared to Average-
Pooling (P:), Transformer-based pool-
ing (Prranst) gives stronger performance.

(d) Architecture.

trainable parameters.

Using up to two trans-
former layers gives gains, not due to more

(e) Combined gains. Feature crop in space
Cspace and time Cliime and transformer
pooling (T) add cumulative benefits.

Method RGB-Crops Multi-scale RGB-Crops Feature Crops
Ix  2x  4x* 2x112+1x96 2x112+2x96 2x112+6x96* (1x7, 1x4) (2x6 + 4x4, 2x3 + 1x2)
GPU-h/epoch 17.3 29.3 60.0 46.7 533 100.7 29.3 30.0

(f) Speed. Input-crops are slow: * methods require reducing batch sizes (see Appendix) as activations do not fit on GPU.

ing. Our proposed Feature Crop is not only more efficient,
but outperforms Multi-Crop by 1.1% when the learned rep-
resentations is applied to action classification in HMDB-51.
By cropping in feature space, we achieve a similar effect but
can increase the number of small crops from 1 to 6 without
increasing compute time.

Feature crop parameters. In Tab. 1b, we study the pa-
rameters of our Feature Cropping approach. We find that
even our basic variant, which does one medium 6 x 6 crop
and two 4 x 4 small crops (by cropping a 7 x 7 tensor) in-
creases performance by nearly 6%, which is a relative im-
provement of more than 10%. If we further increase the
number of crops in time and space, the performance in-
creases from 59.9% to 60.4%.

Pooling Function. In Tab. lc, we test temporal aggrega-
tion. We find that using a shallow transformer significantly
outperforms simple average pooling by more than 5%; how-
ever, transformer pooling must be used both for pre-training
the representation and for finetuning it on the target dataset.

Transformer architecture. In Tab. 1d, we test variants
of the transformer architecture, including ablating iit alto-
gether. We find that temporal modelling as measured by
downstream performance peaks at two layers, likely due to
optimization difficulties of deeper transformers with SGD.
We also compare to a model with approximately the same
number of parameters as our 2-layer transformer (achieved
by increasing the networks’ last block’s hidden dimension

to 640). We find that the transformer still yields gains of
3%, indicating that it not the number of parameters but the
modelling of time that is crucial for strong performance.

Combining Feature Crops and Transformer Pooling.
In Tab. le, we show that combining Feature Crops in space
and time, and then adding transformer pooling yield addi-
tive gains, with the best result obtained by combining all ef-
fects (which corresponds to STiCA). This shows that space-
time augmentations and transformer pooling are comple-
mentary.

Cropping efficiency. In Tab. 1f, we compare train-
ing times (normalized to GPUsxhours) for Kinetics-400
epochs for the various spatial crops considered. We make
two observations: First, the compute cost of RGB crops
scales proportionally to their number because a full forward
pass is required for each crop. Second, using a larger num-
ber of RGB crops eventually requires to decrease the batch
size, which increases significantly the training time. In con-
trast, the cost of Feature Crop remains roughly constant no
matter the number of crops.

4.3. Temporal Context and Multi-modality

Length of temporal context. In Tab. 2, we show the im-
portance of leveraging longer context to improve video self-
supervised representation learning. Similar to the super-
vised regime [ 134, ], we observe improved accuracy as
we increase the number of frames used during pretraining
and fine-tuning. More importantly, the transformer pooling



Frames Accuracy Ava Awy F. Crop? Acc.
Pretrain Finetune ~ GAP Transf.

0 1 No 43.3

30 30 54.0 60.3 1 0 No 54.0

60 60 62.4 66.1 05 05 No 58.6

90 90 58.0 66.9 0.5 05 Yes 60.3

Table 3: Loss. Com-
bining within-modal and
cross-modal loss with
Feature-crops is key.

Table 2: Temporal context.
We report results with dif-
ferent number of frames on
finetuning accuracy.

Method Architecture Dataset Top-1 Acc%
HMDB UCF
Supervised R(2+1)D-18  K-400 704  95.0
SeLaVi [9] R(2+1)D-18  K-400 47.1 83.1
TempTrans [63] R3D-18 K-400 498 793
PEMT [80] SlowFast K-400 - 85.2
XDC [6] R(2+1)D-18  K-400 526 862
MemDPC [53] R-2D3D K-400 54.5 86.1
AVSF [143] AVSF K-400 54.6 87.0
AVTS [74] MC3-18 K-400 56.9 85.8
CPD [85] R3D-50 K-400 57.7 88.7
AVID [97] R(2+1)D-18  K-400 60.8 87.5
GDT [106] R(2+1)D-18  K-400 60.0 89.3
ACC [90] R3D-18 K-400 61.8 90.2
GLCM [91] R3D-18 K-400 619 912
CoCLR [54] S3D K-400 62.9  90.6
CVLR [112]3 R3D-50 K-400 66.7  92.2
Ours: STiCA R(2+1)D-18  K-400 67.0 93.1
SeLaVi [9] R(2+1)D-18  VGGS 53.1 87.7
Speech2Act [98] S3D-G Movie 58.1 -
DynamoNet [34] ResNext101 Y8M 58.6 87.3
MIL-NCE [93] S3D HT 61.0 91.3
AVTS [74] MC3-18 AS 61.6 89.0
AVID [97] R(2+1)D-18  AS 64.7 91.5
Textual | ] S3D-G WVT-70M 65.3 90.3
GDT | | R(2+1)D-18 AS 66.1 92.5
ACC [90] RQ+DD-18  AS 672 935
ELo [ ] R(2+1)D-50 Y2M 67.4 93.8
XDC [6] R(2+1)D-18  IG65M 68.9 95.5
GDT | | R(2+1)D-18 IG65M 72.8 95.2
MMV [5] TSM-50x2 AS+HT 75.0 95.2

Table 4: Comparison to SoTA for action recognition.
Dashed line indicates position of our Kinetics-400 model
in comparison to models trained with many more videos.
We follow standard evaluation protocol across 3-folds. For
linear evaluation results see Tab. 7.

layer is better able to exploit this additional context, outper-
forming average pooling by over 4% for all frame lengths.
Notably, there is a drop in performance when using GAP
for extremely long contexts (90 frames).

Loss. Lastly, in Tab. 3, we study the effect of combining
multi-modal learning signals with our contributions. In the
first row, we have the baseline of naively extending Sim-

3Concurrent work.

UCF HMDB

Recall @ 1 5 20 1 5 20
MemDPC [53] 20.2 404 64.7 7.7 257 577
VSP [25] 246 419 627 103 26.6 76.8
SeLaVi [9] 520 68.6 84.5 248 476 5.5

CoCLR [54] 559 70.8 825 26.1 458 69.7
GDT [106] 574 734 88.1 254 514 750

Ours: STICA 59.1 76.2 88.1 26.3 49.2 764

Table 5: Comparison to SoTA for retrieval. Nearest
neighbor action retrieval performance @k = {1, 5, 20}.

CLR [24] to the video domain, by learning invariances to
spatial augmentations of two large-crops. Compared to this,
the cross-modal baseline (row 2) already achieves gains of
more than 10%. While adding a within-modal invariance
adds another 4.6%, we find that the best performance is ob-
tained with our feature crops, adding another 1.7% in per-
formance and showing its unique potential to supplement
cross-modal signals.

4.4. Comparison with the state of the art

Video Action Recognition. In Tab. 4, we evaluate our
pretraining approach on the standard HMDB-51 and UCF-
101 action recognition benchmarks after pretraining on the
Kinetics-400 dataset. Firstly, we find our model outper-
forming the similar NCE-based GDT [106] model by 7.0%
and 3.8% on HMDB-51 and UCF-101. We further sig-
nificantly outperform the current state-of-the art methods
CoCLR [54] by 4.1% and 2.5% and CVLR [112] by 2.6%
and 1.0% on HMDB-51 and UCF-101, respectively. Even
more impressively, our approach is able to out-perform
most prior works that use AudioSet [44] pre-training, which
is around 10x larger than Kinetics-400. This shows how ef-
fective and data-efficient our approach is, significantly clos-
ing the gap to supervised learning.

Video Action Retrieval. Lastly, we directly evaluate the
transfer-ability of our pretrained representations on action
retrieval on UCF-101 and HMDB-51. Similarly to full fine-
tuning setting, we outperform all prior works.

5. Conclusion

We have address two shortcomings of current self-
supervised video representation learning: insufficient spa-
tial invariance, especially compared to the image domain,
and inadequate modelling of time. We have introduced
STiCA, improving spatial invariance at very little cost by
implementing cropping in feature space, and improving
modelling of time via a shallow transformer. Our method
brings self-supervised video representation learning one
step closer to the supervised case, providing significant
gains w.r.t. the state-of-the-art.
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6. Appendix
6.1. Implementation Details

While videos in Kinetics are 10 seconds long, we ran-
domly sample either 1-second (30 frames), or 2-second (60
frames) clips from the 30fps videos. For the R(2+1)-D-18
visual encoder, the dimensions of the resb feature map be-
fore spatial pooling is 512 x 7" x 7 x 7 for a 112 x 112
resolution video, where 1" = 4 for 30-frame (1 second) in-
put, and T' = 8 for 60-frame (2 second) input. After spatial
pooling, we use either average pooling or a transformer as
the temporal pooling function for the visual encoder, but al-
ways use average pooling for the audio encoder. The trans-
former’s layers dimensionality are set to 512-D. Both en-
coders produce a fixed-dimensional representation vectors
after temporal aggregation (512-D). Both vectors are then
passed through two fully-connected layers with intermedi-
ate size of 512 to produce 256-D embedding vectors z as
in [106]. We use these embeddings in our loss eq. (7) and
train our model for 100 epochs. For the visual component
of the video, we use a 30 frame RGB clip as input, at 30 fps
covering 1 second. The video clip has a spatial resolution
of 112 x 112 pixels. For input data augmentation, we ap-
ply random crops, horizontal flips, Gaussian blur and color
jittering, all clip-wise consistent, following the protocol of
SimCLR [24], and we ablate multiple settings for spatial
and temporal feature cropping sizes. For the audio input,
we extract a 1-second log-mel spectrogram of dimension
257 x 199 starting at the same time as the visual compo-
nent. We also apply volume jittering to increase the robust-
ness of our audio features. We optimize this model using
SGD with momentum 0.9, weight decay 10~° and learn-
ing rate 0.64, with a warm-up period of 10 epochs. For
NCE contrastive learning, the temperature 7 is set as 0.1 for
cross-modal loss, and 0.5 for the within-modal loss. We use
a mini-batch size of 8 on each of our 64 GPUs giving an
effective batch size of 512 for distributed training. In our
ablations, we evaluate the learned representation by fine-
tuning the visual encoder on fold 1 of the HMDB-51 [77]
action recognition dataset.

6.1.1 State-of-the-Art Experiment Details

For our state-of-the-art model, we train for 100 epochs, us-
ing R(2+1)-D-18 visual encoder with transformer temporal
attention pooling, and Resnet-9 for audio encoder. We use
60 frames as input, and feature-crop augmentation (space:
2x624+4x42 & time: 2x 3+1x2).

6.2. Transformer Architecture Details

We use a 2-layer transformer, with 4 attention heads, and
hidden dimension 512. The input to the transformer is the
spatially averaged output of the last convolutional layer of

Method Pretraining Acc%
DCASE ESCS50

Autoencoder [12] - - 39.9
Random Forest [109] - - 443
Piczak ConvNet [108] - - 64.5
RNH [116] - 72 -
Ensemble [121] - 77 -
ConvRBM [117] - - 86.5
AVTS [74] K400 91 76.7
XDC [6] K400 - 78.0
AVID [97] K400 93 79.1
ACC [90] K400 - 79.2
Ours: STiCA K400 94 81.1
SoundNet [12] SNet 88 74.2
L3-Net [7] SNet 93 79.3
AVTS [74] SNet 94 82.3
DMC [60] SNet - 82.6
AVTS [74] AS 93 80.6
XDC [6] AS - 85.8
MMV [5] AS - 86.1
AVID [97] AS 96 89.2
GDT [106] AS 98 88.5
ACC [90] AS - 90.8
Human [109] - - 81.3

Table 6: Audio classification. Downstream task ac-
curacies on standard audio classification benchmarks on
DCASE2014 and ESC50. Dataset abbreviations AudioSet,
Kinetics400, SoundNet,

R(2+1)D-18 video backbone. The transformer contextual-
izes features across time to output a fixed feature length rep-
resentation of dimension 512, which is then passed to MLP
head for contrastive learning. While transformers generally
benefit from being optimized with Adam [147], we adhere
to using SGD for simplicity. We also do not observe any
stability issues, likely because the transformer is quite shal-
low.

7. Additional experiments
7.1. Audio Classification

For completeness, we also present audio classification
results on ESC-50 [108] and DCASE-2014 [122]. ESC-
50 [109] is an environmental sound classification dataset
which has 2K sound clips of 50 different audio classes.
ESC-50 has 5 train/test splits of size 1.6K/400 respectively.
DCASE2014 [122] is an acoustic scenes and event clas-
sification dataset which has 100 training and 100 testing
sound clips spanning 10 different audio classes. We demon-



Method Architecture Dataset Top-1 Acc%

HMDB UCF
K600 248 477

RotNet3D [65] S3D

CBT [125] S3D+BERT K600 29.5 54.0
MemDPC [53] R-2D3D K400 305 54.1
AVSF [143] AVSF K400 4.1 774

CoCLR [54]  S3D
Ours: STiICA R(2+1)D-18

K400 46.1 745
K400 482 1770

MIL-NCE [93] S3D HT 53.1 827
XDC [6] R(2+1)D-18 1G65M  56.0 85.3
MMV [5] R(2+1)D-18 AS 60.0 83.9
ELo [110] R(2+1)D-50 Y8&M 64.5 -

Table 7: Comparison to state-of-the-art. Transfer learn-
ing results on UCF-101 and HMDB-51 when video back-
bone is frozen.

strate competitive performance relative to the state-of-the-
art, despite training on a much smaller and less audio-
rich Kinetics-400 dataset. We extract 10 equally spaced
2-second sub-clips from each full audio sample of ESC-
50 [109] and 60 1-second sub-clips from each full sample
of DCASE2014 [122]. We save the activations that result
from the audio encoder to quickly train the linear classi-
fiers. We use activations after the last convolutional layer of
the ResNet-9 and apply a max pooling with kernelsize (1,3)
and stride of (1,2) without padding to the output. For both
datasets, we then optimize a L2 regularized linear layer with
batch size 512 using the Adam optimizer [72] with learning
rate 1x10~4, weight-decay set to 5x10~* and the default
parameters. The classification score for each audio sample
is computed by averaging the sub-clip scores in the sample,
and then predicting the class with the highest score. The
mean top-1 accuracy is then taken across all audio clips and
averaged across all official folds.

7.2. Linear probing results

In Tab. 7, we compute the linear classification results of
our model compared to other recent methods. We find that
our best model has competitive 3-fold linear evaluation re-
sults of 48.2% on HMDB-51 and 77.0% on UCF-101.

7.3. Supervised training on K-400

Here we experiment with training supervisedly on
Kinetics-400 and observing the effect of using feature crop-
ping (with the configuration 2 medium and 2 small latent
space crops). The experimental results are given in Tab. 8
We find that even though our method is designed for con-
trastive cross-modal pretraining, using feature crops can
help in training in a supervised manner too.

Fm-Crop HMDB-51 Top-1 Acc.

X 67.6
v 69.0

Table 8:  Supervised Training. We train the
R(2+1)D+Transformer architecture supervisedly on
Kinetics-400 with and without feature crops enabled.

7.4. Audio-Visual Heatmap Visualizations

In Fig. 3, we show examples that our model truly learned
some spatial correspondence between a region and audio.
We have done this by visualizing the strength of the dot-
product of the visual feature map (without pooling) with
the audio feature vector.

Figure 3: Heatmap visualizations. Heatmaps are ob-
tained by removing the spatial pooling layer and visualiz-
ing the strength of the dot-product of the audio feature vec-
tor with the video feature-map as in [8]. Here, we show
selected samples from Kinetics-400 training set of the re-
sulting heatmaps along with the middle frame of the video.

7.5. Preventing Shortcut Learning with Feature
Crops.

Noise contrastive learning works better when you can re-
duce the mutual information between the input pairs [131]
as its harder for the network to cheat. This can be achieved
by taking multiple spatial crops of images in the input space
and independently applying different augmentations, such
as color jittering and Gaussian blurring, to the cropped in-
puts. However, as mentioned above, taking more than 2
crops in input space is both memory and computationally
infeasible for multi-modal video data. Crops in feature
space, on the other hand, allows us to take multiple crops for
noise contrastive learning. However, since CNNs have large
receptive fields that easily cover the full frame, there may
be shortcut learning with feature crops as information may



leak between the crops from same feature map. To alleviate
this, we take feature crops from two originally augmented
video clips, allowing us to make NCE comparisons across
modalities and individual augmentations (such as color jit-
ter), leading to a beneficial reduction in mutual informa-
tion. Furthermore, while the theoretical receptive fields of
units in later layers are indeed very large, units tend to be
sensitive to an effective area which is significantly smaller
than the theoretical receptive field [89, ], further reduc-
ing the mutual information between inputs for noise con-
trastive learning.
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Abstract

We tackle the problem of learning object detectors with-
out supervision. Differently from weakly-supervised object
detection, we do not assume image-level class labels. In-
stead, we extract a supervisory signal from audio-visual
data, using the audio component to “teach” the object de-
tector. While this problem is related to sound source local-
isation, it is considerably harder because the detector must
classify the objects by type, enumerate each instance of the
object, and do so even when the object is silent. We tackle
this problem by first designing a self-supervised framework
with a contrastive objective that jointly learns to classify
and localise objects. Then, without using any supervision,
we simply use these self-supervised labels and boxes to train
an image-based object detector. With this, we outperform
previous unsupervised and weakly-supervised detectors for
the task of object detection and sound source localization.
We also show that we can align this detector to ground-truth
classes with as little as one label per pseudo-class, and
show how our method can learn to detect generic objects
that go beyond instruments, such as airplanes and cats.

1. Introduction

While recent progress in learning image and video rep-
resentations has been substantial [23, 34, 39, 100], this has
not yet translated into an ability to learn interpretable and
actionable concepts automatically. By that, we mean that
some manual labels are still required in order to map unsu-
pervised representations to useful concepts such as image
classes or object detections. In this paper, we thus con-
sider the problem of learning interpretable concepts without
any manual supervision. In particular, we focus on a prob-
lem that has not been explored extensively in the literature:
learning to simultaneously detect and classify objects with
no manual labels at all.

*Joint first authors.
*Work done during an internship at Facebook.
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Figure 1: We train an object detector simply by watching
videos. Without using any manual annotations, we learn
to detect different objects in images, by first self-labelling
boxes and object categories and then using those as targets
to teach a detector. The detection results shown are outputs
from our trained model; for visualisation purposes we show
Hungarian-matched labels.

This problem is related to weakly supervised object
detection (WSOD [16, 65]), with the difference that, in
WSOD, the learning algorithm is given image-level labels
telling it whether the image contains an occurrence of a
given object type or not. Inspired by recent work in self-
supervised learning, we seek to replace this source of ex-
ternal supervision with an internal supervisory signal ex-
tracted from the observation of video data. Videos are far
richer than images, for example because they contain mo-
tion. Here, we focus on the multi-modal aspect of videos
and use sound as a weak and noisy cue to learn about ob-
jects in the visual component of the data.

The power of multi-modal self-supervision has been
demonstrated before in self-supervised representation
learning, and, closely related, in video clustering [9]. How-
ever, while video clustering can provide an interpretation
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of the data in terms of discrete classes, it does not pro-
vide any information about the location of the relevant ob-
jects in images. On the other hand, sound source locali-
sation [7, 11, 52, 69] has considered precisely the problem
of localizing the source of sounds in images. It is there-
fore tempting to trivially combine image classification and
sound source localisation in the hope of learning the type
and location of objects automatically.

Unfortunately, such an approach does not lead to a satis-
factory object detector. To understand why, it is important
to note that the goal of sound source localisation is to lo-
calize the sound while it is being heard. This is insufficient
for a detector because many objects emit sounds only oc-
casionally and they become invisible to source localisation
when they are silent. Instead, a detector that works in the
visual domain should be responsive even when the object
cannot be heard. Furthermore, source localisation meth-
ods generally only extract a heatmap giving the distribution
of possible object locations; in contrast, a detector solves
the much harder problem of enumerating all individual ob-
ject instance that occur in an image by outputting instance-
specific bounding boxes.

In order to solve these issues, we should treat the sound
component as a useful cue to learn an object detector, but
not as a cue which is necessary for detection. Instead, we
consider the problem of taking as input a collection of raw
videos and producing a list of object classes and locations,
in order to train an image-based detector.

On a high level, our method is based on the following
observation: we can use a sound source localisation net-
work to learn about possible locations of sounding objects
in videos. From this, we can extract a collection of bound-
ing box pseudo-annotations for the objects and use those to
learn a standard object detector. Because the latter only uses
the visual modality, it immediately transfers to the detection
of objects even when no relevant sound is present.

However, one challenge is that sound source localisa-
tion does not provide the necessary class information to
train class-specific detectors, effectively resulting in only
learning a region proposal network for generic objects, with
high rates of false positives. To this end, we note that most
sound source localizers are based on noise-contrastive for-
mulations that, together with clustering-based approaches,
occupy the current state-of-the-art in self-supervised repre-
sentation learning. Leveraging this, we derive a joint for-
mulation that can simultaneously benefit from and learn to
localize sound sources and classify them without any super-
vision. The resulting output can then be used to train any
off-the-shelf object detector such as a Faster-RCNN [76] to
obtain a completely unsupervisedly learned object detector,
as shown in Fig. 1.

Empirically, we test our method by training and testing
on VGGSound [21] and AudioSet [32], as well as testing

only on a subset of Openlmages [56].

2. Related Work

Audio-Visual Sound Source Localisation. Early work
in sound-source localisation includes probabilistic models
for localisation [27, 42, 53] and segmentation [48], but
more recently the focus has shifted to dual-stream neural
networks. For example, [7, 38, 82] propose a contrastive
learning approach that matches the visual and audio com-
ponents of the data. The work of [43, 47] instead clus-
ters visual and audio features, associating to them centroids
by means of a contrastive loss. Other works [2, 67] learn
heatmaps by exploiting audio-visual synchronization in the
same video, used previously for lip-to-mouth synchroniza-
tion and active-speaker detection [24, 61], or by leverag-
ing explicit attention modules [51]. Zhao et al. [108, ]
learn to associate pixels with audio sources by training with
a mix-and-separate objective. Others [73] combine activa-
tion maps learned from class labels [19, 81] with a con-
trastive objective, use different levels of supervision and fu-
sion techniques [74], or improve heatmaps by mining hard
negative locations [20].

The work most similar to ours is [45], who first train a
source localisation model with a contrastive objective and
then use the learned heatmaps to extract object represen-
tations that are clustered using K-means. The cluster as-
signments are then used to train classifiers on top of the
audio and video encoders. The paper proceeds to use these
learned representations to discriminatively localize sound
sources while suppressing quiet objects in ‘cocktail party’
scenarios.

Compared to our work, none of the above can detect and
thus enumerate individual object occurrences because they
produce heatmaps. Furthermore, they all require audio dur-
ing inference, and therefore cannot be used on individual
images or to detect silent objects.

Audio-visual category discovery. Learning visual cate-
gories is usually cast as image clustering, for which there is
abundant prior work, such as recent ‘deep clustering” meth-
ods [10, 18, 49, 95, , ], or clustering with segmenta-
tion [97]. However, there is less work for clustering audio-
visual data. In [5] the authors extend Deep Cluster [18] to
the video domain by constructing two sets of labels from
opposing modalities, which are used for cross-modal rep-
resentation learning. The work of [80] combines cluster-
ing with audio-visual co-segmentation achieving combined
audio-visual source separation. In [9], the authors extend
the self-labelling method of [10] to multi-modal data by
learning a shared set of labels between the two modali-
ties. This work builds on the latter to complement and boost
sound source localisation in a joint learning framework.
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Figure 2: Self-supervised object detection from audio-visual correspondence: We combine noise-constrastive and clustering-
based self-supervised learning to generate self-detections (boxes and labels) and use those as targets to train a detector. The
trained detector can be used to detect objects from many categories on images without requiring audio.

Weakly Supervised Object Detection (WSOD). Weakly
supervised detection uses (manual) image-level category la-
bels without bounding box annotations. Many approaches
are based on a form of multiple-instance learning [17, 33,
91,98, 102, 104, 105, 107], or proposal clustering [90]. Re-
cent works in the area [50, 77] combine a variety of ideas,
such as self-training [112] and spatial dropout [99] or ex-
plore the use of mixed annotations [78]. Other works ob-
tain improvements by adding curriculum learning [106], us-
ing motion cues in videos [86], adversarial training [84],
combining segmentation and detection [3 1, 58, 83], or mod-
elling the uncertainty of object locations [&].

Other methods use technique such as CAM or analogous
techniques [15, 19, 28, 81, 85, 111] as a form of weakly
supervised saliency or localisation maps. Recent works
have suggested that saliency methods can also be applied
to self-supervised networks [13, 35], e.g. for object co-
localisation [13].

Self-supervised multi-modal learning. Our work is also
related to methods that use multiple modalities for represen-
tation learning [5, 6, 10, 12, 63, 70, 71] and synchroniza-
tion [25, 54, 68]. A number of recent papers have leveraged
speech as a weak supervisory signal to train video represen-
tations [57, 62, 64, 87, 88] whereas [3] uses speech, audio
and video. Some works distil knowledge learned from one
modality into another [1, 4, 29, 110]. Other works incorpo-
rate optical flow and other modalities [36, 37, 72, 108] to
learn representations. For instance, the work of [93] learns

to temporally localize audio events through audio-visual at-
tention. CMC [92] learns representations that are invari-
ant to multiple views of the data such as different color
channels. Multi-modal self-supervision is also used to learn
sound source separation in [30], albeit they assume to have
pre-trained detectors.

3. Method

Our goal is to learn object detectors using only unlabeled
videos, simultaneously learning to enumerate, localize and
classify objects. Our approach consists of three stages sum-
marized in Fig. 2: first, we learn useful representations
using clustering and contrastive learning; second, we ex-
tract bounding boxes and class categories by combining the
trained localisation and classification networks; third, we
train an off-the-shelf object detector by using these self-
extracted labels and boxes as targets.

Next, we explain each stage and refer the reader to the
the Appendix for further architecture and training details.

3.1. Representation Learning

Sound source spatial localisation. Our method starts by
training a sound source localisation network (SSLN) using a
contrastive learning formulation inspired by [7]. The SSLN
is learned from pairs (v, a), where v € R3*#*W i5 3 video
frame (i.e., a still image) and a € RT*¥ is the spectrogram
of the audio captured in a temporal window centered at that
particular video frame.
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We consider a pair of deep neural networks. The first
network f¥(v) € RE*">w extracts from the video frame
a field of C'-dimensional feature vectors, one per spatial lo-
cation. We use the symbol f2(v) € R to denote the fea-
ture vector associated to location u € ¢ = {1,...,h} X
{1,...,w} Here h x w is the resolution at which the spa-
tial features are computed and is generally a fraction of
the video frame resolution H x W. The second network
f%(a) € R extracts instead a feature vector for the audio
signal.

Importantly, the spatial and audio features share the
same C'-dimensional embedding space and can thus be con-
trasted. We further assume that the vectors f(v) and f%(a)
are L2 normalized (this is obtained by adding a normaliza-
tion layer at the end of the corresponding networks). The
cosine similarity of the two feature vectors is then used to
compute a heatmap of spatial locations, with the expecta-
tion that objects that are correlated with the sounds would
respond more strongly. This heatmap is given by:

hu(v,a) = (f;(v), f*(a))/p, weE P,

where p, is a learnable temperature parameter.

For the multi-modal contrastive learning formula-
tion [26, 66, 71], the heatmap is converted in an overall
score that the video v and audio a are in correspondence.
This is done by taking the maximum of the response:

S(v,a) = max hy(v,a).

(v.0) = maxh, (v,a)
The contrastive learning objective is defined by considering
videos (v,a) € B in a batch B. This comprises two terms.
The first tests how well a video frame matches with its spe-
cific audio among the ones available in the batch:

exp S(v,a)
Z(vha')EB expS(v,a’)’

1
LHU(B):—E > log
(v,a)eB

The second is analogous, testing how well an audio matches
with its specific video frame:

exp S(v,a)
Z(vﬁa')EB exp S(v',a)’

1
Lya(B) :*E Z log
(v,a)eB

These two losses are averaged in the noise-contrastive loss:

Category self-labeling. Spatial localisation does not pro-
vide any class information, whereas our goal is to also as-
sociate ‘names’ to the different objects in the dataset. To
this end, we consider the self-labelling approach of [9].
To briefly explain the formulation, let y(v,a) € Y =
{1,..., K} be alabel associated to the training pair (v, a).

We also consider two classification networks. The first
maps a video v to class scores g”(v) € R¥ and is opti-
mized by minimizing the standard cross-entropy loss:

1
B Z log softmax(y(v,a) | g*(v)).
(v,a)eB

Note that this classification loss is equivalent to a con-
trastive loss on the cluster indices (as opposed to image
indices) without normalization: As the last classification
layer can be viewed as computing dot-products with each
corresponding cluster’s feature, it pushes the representation
towards the feature of the corresponding cluster and away
from the other clusters. The other network g%(a) is analo-
gous, but uses the audio signal:

1
B Z log softmax(y(v, a) | g*(a)).
(v,a)eB

As noted in [9], the crucial link between the two losses is
that the labels y are shared between modalities. This is ob-
tained by averaging the two losses:

Lewsi(Bly) = (Lo(Bly) + La(Bly))/2- @

Note that the labels y are unknown; following [9] these are
learned in an alternate fashion with the classification net-
works, minimizing the same loss (2). In order to avoid de-
generate solutions, the labels’ marginal distribution must be
specified, e.g. using a simple equipartitioning constraint:

1
D

where D denotes the entire dataset (union of all batches).
Optimizing y can be done efficiently by using the SK algo-
rithm as in [9].

Ly(Bly) = —

‘Ca(6|y) = -

1
> ywa—t} = 7 forallk=1,....K (3)
(v,a)€D

Joint training. To summarize, given the dataset D, we
optimize stochastically w.r.t. random batches 5 the loss:

L(Bly) = AMnc(B) + (1 = M) Lawt(Bly) @)

where ) is a balancing hyperparameter.

The loss is optimized with respect to the localisation net-
works f¥ and f® and the classification networks ¢g¥ and
g*. These networks share common backbones ¢ and ¢
and differ only in their heads, so they can be written as
f’U :f’qu’U,g’U :gvoqv’fa :f'aoqaandga :ﬁ(loqa.

The model is trained by alternating between updating the
labels y with eq. (2) under constraint (3) and updating the

networks by optimizing eq. (4).
3.2. Extraction of Self-labels for Detection

Once the localisation and classification networks have
been trained, they can be used to extract self-annotations
for training a detector. This is done in two steps: extracting
object bounding boxes and finding their class labels.
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Box extraction. To obtain “self-bounding boxes” for the
objects, we use the simple heuristic suggested by [111]: the
heatmap h(v, a) is thresholded at a value e(h), the largest
connected component is identified, and a tight bounding
box t*(v,a) € Q2 around that component is extracted (the
notation means that the box is specified by the location of
the top-left and bottom-right corners).

The threshold is determined dynamically as a convex
combination of the maximum and average responses of the
heatmap, controlled by hyperparameter [3:

e(h) =5gg$hu+(1—ﬁ)ﬁ2hu. )

ueY

Class labelling. As noted above, we only extract a single
object from each frame for the purpose of training the de-
tector. Likewise, we only need to extract a single class label
for the frame. This is done by taking the maximum response
of the visual and audio-based classification networks:

y*(v,a) = arg max[gy (v) + gy (a)]. ©)
yey

Filtering the annotations. The assumption that frames
contain a dominant object introduces noise but simplifies
the problem and gives us the ability to use the audio to ob-
tain purer clusters. Notably, we do not require the method
above to work for all frames but instead rely on our detec-
tor to smooth over the specific and noisy self-annotations to
learn a holistic detection.

3.3. Training the Object Detector

The process described above results in a shortlist of train-
ing triplets (v, t*,y*) € Dyet, where v is a video frame (an
image), t* is the extracted bounding box and y* is its class
label. We use this dataset to train an off-the-shelf detector,
in particular Faster R-CNN [75] for its good compromise
between speed and quality.

Recall that, given an image v, Faster R-CNN detector
considers a set of bounding box proposals m € M (v) C
Q2. It then trains networks y(m) = f&(mlv) €
{1,...,K,bkg} and t(m) = fi(m|v) € R* inferring, re-
spectively, the class label y(m) and a refined full-resolution
bounding box t(m) for the box proposal m. The label space
is extended to also include a background class bkg, which
is required as most proposals do not land on any object.

The detector is trained by finding an association be-
tween proposals and annotations. To this end, if m* =
arg max,, e pz(,) loU(m, t*) is the proposal that matches
the pseudo-ground truth bounding box ¢* the best, one op-
timizes:

Edet(v’ t*7 y*) == Ereg(t(m*>7 t*) + ﬁcls(y(m*)v y*)
+ > Las(y(m), bkg).

meM (v):IoU(m,t* )<t

Here L is the L' loss for the bounding box corner coor-
dinates and L5 the standard cross-entropy loss. Intuitively,
this loss requires the best proposal m™* to match the pseudo-
ground truth class y* and bounding box t* of, while map-
ping proposal m that are a bad match (7 < 0.7) to class bkg.
Further details, including how the region-proposal network
that generates the proposals is trained, are given in the the
Appendix

Discussion. Training a detector is obviously necessary to
solve the problem we set out to address. However, it can
also be seen as a way of extracting ‘clean’ information from
the noisy self-annotations. Specifically: (i) the noise in in-
dividual annotations is smoothed over the entire dataset; (ii)
because of the built-in NMS step, the detector still learns to
extract multiple objects per image even though a single self-
annotation is given for each training image; (iii) by learning
to reject a large number of false bounding box proposals, the
detector learns to be more precise than the self-annotations
are.

4. Experiments

We first introduce the datasets, experimental setup and
relevant baselines; we then test our method against those,
analyse it further via ablations and its capacity to generalize.

4.1. Datasets

AudioSet-Instrument. AudioSet [32] is a large scale
audio-visual dataset consisting of 10-second video clips
originally from YouTube. For training we use the AudioSet-
Instruments [7] subset of the “unbalanced” split, containing
110 sound source classes as well as its more constrained
subset used by [45] spanning 13 instrument classes. Follow-
ing previous work we use the “balanced” subset for evalua-
tion on the annotations provided by [45].

VGGSound. VGGSound contains over 200K 10-second
clips from YouTube spanning 309 categories of objects
where there is some degree of correlation between the audio
and the video. We create one subset by keeping only the 50
musical instrument categories yielding around 54K training
videos, and one other subset, by keeping from those only
the 39 categories that can be roughly mapped to the test-
set annotations (details in the Appendix). For VGGSound
pseudo-ground truth test-set annotations are obtained using
a supervised detector from [30], following [45].

Openlmages. For evaluation, we also use the subset of
the Openlmages [56] dataset containing musical instru-
ments, which spans 15 classes.

4.2. Baselines

We are not aware of any prior work that learns an object
detector for multiple object classes without any supervision.
Instead, we compare against weakly-supervised detectors
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Figure 3: Qualitative results and comparison with a weakly supervised object detection method, PCL [90], on the Open-
Images test set. Our method accurately detects objects, capturing their boundaries, even though it has been trained without
any supervision. For visualisation purposes, we show the labels obtained from matching with the Hungarian method. More

qualitative results provided in the the Appendix.

(hence using image-level labels) and unsupervised localisa-
tion methods that only produce heatmaps (not detections).

Weakly-supervised detection. For weakly-supervised
detection, we consider PCL [89], the strongest such base-
line for which we could find an implementation. Image-
level labels are obtained from the corresponding dataset:
for AudioSet the 13 labels of the training set are used, and
for VGGSound we manually merge the 39 sub-classes to
equivalent 15 classes (e.g., electric guitar, acoustic guitar to
“Guitar” etc.); see the Appendix for full details. However,
we have found that training PCL directly on the same data
as our method (i.e., random clips from the VGGSound and
AudioSet-Instrument subsets) does not work, likely due to
the high amount of noise present in the labels (e.g., several
videos are be labelled with an instrument, which is however
not visible at all). To avoid this issue, we further preprocess
the training data with a supervised instrument detector [30]
and only retain frames where at least one relevant detection
is found. This of course gives an “unfair” advantage to the
baseline, but it is necessary to be able to use it at all.

Heatmap-based localisation. For our second baseline,
we consider localisation methods that, similarly to us, use
cross-modal self-supervised learning. The state-of-the art
DSOL method of [45] is the most relevant, as it produces a
heatmap roughly localizing the objects and produces class
pseudolabels. While DSOL does not use image-level la-
bels like PCL, it does use audio during inference, and thus
strictly more information than our method (which performs
localisation only in the visual domain).

Region proposals. Finally, we also compare against other
baselines such as simply predicting a large centered box and
class-agnostic region proposal methods such as selective
search, and using a RPN obtained from supervised training
on COCO [59].

4.3. Implementation Details.

Assessing class pseudolabels. Since class pseudolabels
do not come with the “name” of the class (they are just
cluster indices), they must be put in correspondence with
human-labelled classes for evaluation. Following prior
work in unsupervised image clustering [10, 14, 49, 96], we
apply Hungarian matching [55] to the learned clusters and
the ground truth classes. Importantly, the matching is done
after the detector is trained and only done for assessment;
meaning that the detector does not use any manual label.

Training resolutions. We train our method on random
square crops of 224 pixels after resizing to 256 pixels. Dur-
ing the training of the detector, we take random 224 crops
and obtain the the self-supervised bounding boxes on-the-
fly from our pretrained model, which are scaled and used to
train the detector at the larger detector resolution.

Detector warm-up. We warm-up the Faster R-CNN de-
tector by training in a class-agnostic manner for 20 epochs.
This gives the RPN (which is randomly initialized) an op-
portunity to learn sufficiently stable bounding box propos-
als; we then switch to full class-aware supervision. We
found that this leads to more robust convergence compared
to training with pseudo-labels from the start.

Backbone pretraining. We also found it beneficial to
pretrain the localizer backbone using only the localisation
loss on the full AudioSet-Instruments dataset, and the de-
tector backbone using self-supervised SimCLR [22] on Im-
ageNet (note that the DSOL baseline uses instead super-
vised ImageNet pretraining for the backbone).

Detector training. If not stated otherwise, the local-
izer and detector are trained on VGGSound and AudioSet
whereas Openlmages are only used for evaluation. We do
not have any information on the number of instruments in
VGGSound and use all videos with no single/multi-object
curation. For a fair comparison with DSOL, and only for
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VGGSound Audioset Openlmages
Method No labels? mAP30 mAP50 mAP[50:95:5] mAP30 mAP50 mAP[50:95:5] mAP30 mAP50 mAP[50:95:5]
PCL (WSOD) [90] X 549 27.7 7.6 390 175 4.4 379 145 3.5
Ours - weak sup. X 67.6 429 14.2 50.6  30.9 10.3 48.9 337 9.5
Center Box* 296 5.6 1.5 15.1 3.5 0.7 20.7 4.2 0.8
Selective Search* [94] 52 1.1 0.4 2.8 0.4 0.1 7.4 2.1 0.7
COCO-trained RPN* X 334 75 1.6 19.0 4.1 0.8 244 11.1 2.6
Ours - self-boxes* 48.1 29.6 10.0 27.8 14.1 4.8 NA NA NA
Ours - full 523 394 14.7 44.3 28.0 9.6 399 285 7.6

Table 1: Self-supervised object detection. We report object detection metrics across three test datasets and find our method
is far superior to other unsupervised approaches and outperforms even the weakly supervised baseline in most metrics.
For methods denoted by *, we report class-agnostic evaluation numbers. Center Box denotes a simple baseline predicting
random sized boxes in the middle of the frame. Ours-weak sup. is a variant of our model trained with the video-level category
annotations in combination with our self-extracted boxes. The class-agnostic performance of the self-boxes that are used to
train the detector reveals that the latter greatly outperforms them, which highlights the benefit of our approach.

single-instr. multi-instr.
Method IoU-0.5 AUC cloU-0.3

Sound of pixels [109] 38.2 40.6 39.8
Object t. Sound [7] 327 395 27.1

Attention [82] 36.5 395 29.9
DMC [44] 32.8 382 320
DSOL [45] 389 409 48.7
Ours 50.6 475 524

Table 2: Comparison to sound localisation methods.
Since our detector does not require audio, we obtain detec-
tions on the video frames directly. Our model outperforms
the baselines. Baselines numbers taken from [46].

the relevant experiment in Table 2, we train on AudioSet
using the single-instrument subset for learning the localizer.

Number of clusters. For VGGSound training we use
K = 39 if not stated otherwise, matching the 39 object
types in the training set. Since the dataset is roughly bal-
anced, uniform marginals are used as described in [9]. For
AudioSet training we use K = 30 and Gaussian marginals.

4.4. Results

Self-supervised object detection. We summarise the re-
sults of our evaluations on the three test sets that we con-
sider in Table 1. Following the image object detection liter-
ature, we use mAP at different IOU thresholds as the evalu-
ation metric.

Our method clearly outperforms the PCL baseline even
though it uses no manual annotations at all during training.
PCL outperforms our approach in some of the datasets only
if the IoU threshold used for mAP computation is relaxed

substantially (0.3 IoU). However, for stricter thresholds our
approach works better, which suggests that our detections
have a relatively high spatial accuracy.

To understand the impact of the noisy class self-labels,
we also train and test a detector (Ours - weak sup.) with the
bounding box labels from our localisation network, but util-
ising the ground truth video categories. The resulting per-
formance difference is modest, resulting in a 3% AP50 drop
in VGGSound and AudioSet. This further demonstrates the
accuracy of our class self-labels, but also shows that our
method has also the potential to leverage weak supervision
if available.

Per-class performance breakdown. To better under-
stand the strengths and weaknesses of our method, we re-
port a performance breakdown by object class in Table 3.
We observe that the model obtains good results consistently
for classes of large objects with a distinctive appearance
(e.g. accordions and harps), while it is weaker for smaller
objects such as oboes, or for objects that appear closely in
numbers, like drums.

Comparison to audio-visual heatmaps. In Table 2 we
compare the performance of our method trained on Au-
dioSet to state-of-the-art sound source localisation meth-
ods. For a fair comparison to these methods, we convert
the union of our predicted bounding boxes with confidence
above a set threshold into a binary map, and use the latter
as a pseudo-heatmap to use the same evaluation code. Our
approach outperform others for both class-agnostic single
object localisation and for class-aware multi-object locali-
sation, without using audio signals during inference.

We note however that cIOU is not a very reliable met-
ric for evaluating a detector (or even sound localizer) as it
favours high recall over precision: by averaging this metric
over all classes the most frequent ones (e.g. drums, guitars,
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Dataset

mAP5¢ Accordion Cello Drum Flute Horn Guitar

Harp Piano Saxophone Violin Banjo Trombone Trumpet Oboe

Openlmages  28.5 75.3 302 66 6.5 150 145
55 21.7 395
500 34 349

Audioset 28.0 413 449 09
VGGSound  39.4 88.6 394 1.8

80.4 288 22.5 288 57.0 9.7 18.1 6.3
82.6 527 2.5 -
95.6 502 14.4 56.3 100.0 22 11.0 3.8

17.4  46.7 8.0 -

Table 3: Per-class mAP breakdown For entries with ‘- the test set does not contain any samples for that class.

mAP50
B #boxes VGGS  O.Images
0.7 single 39.4 28.5
0.8 single 36.6 29.4
0.9 single 35.8 28.8
0.7-0.9  single 37.5 294
0.7-0.9 multi 38.0 29.3

Table 4: Ablation of hyperparameter 3, which controls
the relative width of the bounding box; multi denotes the
use of multiple self-labelled boxes per sample. Overall the
method is fairly stable with respect to the choice of this pa-
rameter, however sampling 3 from a range (0.7-0.9) obtains
a better balanced performance. Moreover we do not observe
any substantial improvement from using multiple boxes.

mAPs, T
#GTcls. K m Matching VGGS O.Images
39 20 344 244 Hung. 394 285
39 30 35.1 25.1 Argmax  39.6 30.1
39 39 394 28.5 Manual  41.0 29.5
39 50 410 275 l-shot 364  25.1

10-shot 37.1 25.8

Table 5: Number of clus-
ters K. Our method is rela- Table 6: Matching strate-
tively robust (< 5% decrease gies. Even with as little as
in detection AP) to the num- 39 labels, our method can
ber of clusters used for self- detect and classify objects
labelling. accurately.

pianos) dominate the metric. We therefore propose to the
research community — and report in this paper — mean aver-
age precision (mAP) values as a more indicative metric.

Ablation: Thresholding parameter. In Table 4 we in-
vestigate the influence of the hyper-parameter 5 and the
number of extracted target boxes we use for training the
detector. From Eq. (5), a smaller 8 makes the heatmaps
more focused and specific. With regards to this parameter,
we find somewhat inverse trends for VGGSound vs Open-
Images, where smaller 3 yields better results for the former
and larger [ for the latter. We find that a good balance in
terms of performance can be achieved by sampling [ ran-
domly from a range, as over-specific boxes for some images
and under-specific ones are successfully combined during
detector training. Even when extracting multiple boxes for
training the detector, we find our method performs similarly

well to when only extracting a single box.

Ablation: Number of clusters K. In Table 5, we per-
form an experiment varying the number of clusters, and
as a consequence the number of object categories that the
detector learns, while keeping the test-set (containing 15
classes) fixed. We observe that out method achieves reason-
able performance for a wide range of the number of clusters.
The performance is fairly stable when using more clusters
than the ground truth classes, and gradually decreases when
fewer clusters are used.

Data-efficient detector alignment. In Table 6 we con-
duct an investigation into the matching of the clusters to the
ground truth labels. First, we compare Hungarian matching
to simply taking the argmax of the ground truth class per
self-label (i.e. assigning to the most frequent class). We
find this yields almost the same results for VGGSound and
a gain of 1.6% on Openlmages. By refining the Hungar-
ian assignments via manually grouping similar classes and
mapping each group to one of the test classes (for example
mapping ‘piano’, ‘electronic organ’ and ‘Hammond organ’
all to ‘piano’; see the Appendix for details), we find another
small additional gain can be realized. While the Hungarian
and argmax are common evaluation methods for the self-
supervised clustering domain, we note that they are unsat-
isfactory as they still implicitly require a large set of labels.
To alleviate this, we devise a “data-efficient” class-matching
procedure as follows: Per pseudo-class, obtain the m videos
which have the highest response for being in that particular
pseudo-class (averaged across audio and video) and obtain
the class-label for these m samples. The pseudo-class is
then assigned the most frequent ground truth class among
these m. Overall, this reduces the number of labels required
down to K'm, making it a more realistic and scalable eval-
uation method for self-supervised approaches. Following
this procedure, we find that even by just using m = 1 (i.e.,
a tfotal number of 39 annotations), our method still achieves
high performances of 37.1% and 25.3% on VGGSound and
Openlmages. This 3% drop compared to the Hungarian can
be further decreased to around 2.3% by using 10 labels per
pseudo-class, for a total labelling budget of 390 images.

Qualitative analysis. We show examples of successfully
detected objects in challenging images in Fig. 3, where we
also include the outputs of the PCL baseline. Although our
model has not been manually shown any objects boundaries
during training we see that it can learn very accurate boxes
around them and that it can successfully identify multiple
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Figure 4: Object detection beyond musical instruments. Our proposed method can learn to accurately detect objects from
more general categories, as long as they can be associated with a characteristic sound. The results shown here are from a
model trained without labels directly on the full VGGSound dataset which includes 309 different video classes. Our method
successfully learns to detect non-instrument objects, even in difficult multi-instance cases.

objects in complicated scenes. We provide further examples
in the Appendix.

4.5. Towards general object detection

The results presented thus far have focused on subsets
of common datasets with instruments solely to ensure com-
parability with prior works. Since one main goal of self-
supervised learning is to leverage the vast amount of unla-
belled data, we wish to investigate how general and robust
our proposed method when applied on a far larger scale. For
this, we increase our pretraining dataset by approximately
10x, simply by taking the whole of the VGGSound dataset,
without any filtering. We set the number of learned clus-
ters K to 300 and keep all training parameters the same; the
result is an unsupervisedly trained object detector that can
classify 300 pseudo-classes. As before, we match these to
the VGGSound labels with the Hungarian algorithm and out
of these take ten categories for which we have annotations
in the Openlmages dataset (details in the Appendix).

Class AP30  APso  AP[50.95:5)
Mean 45.6 24.4 6.5
Airplane 62.7 27.0 6,5
Ambulance 56.9 30.9 7.1
Bird 26.5 15.8 3.7
Car 29.8 18.4 5.1
Cat 67.7 28.0 7.7
Comp. Keyboard. 533 42.6 12.9
Comp. Mouse 35.9 254 8.8
Frog 43.5 19.5 4.7
Lion 34.1 222 4.9
Snowmobile 64.3 14.3 35

Table 7: Results on general object categories.

In Fig. 4 we show qualitative results of some detec-
tions on Openlmages. The numerical results are given

in Table 7. We find that even for objects that are de-
formable, such as cats, we get high AP3q values of 67.7%
and that even objects that vary in shape, such as airplanes
(see Fig. 4, bottom-right), we achieve a good performances
62.7%. While the results for the AP5g.95.5 metric indicate
that there is still room for improvement, these initial results
show that leveraging larger and more diverse video datasets
for self-supervisedly learning object detectors is a promis-
ing avenue. We note that, since minimal curation is per-
formed on the training data, and we use a large number of
different object categories in a noisy dataset, this training
setting is very challenging. These results further highlight
the potential of our proposed method.

5. Conclusion

We have presented a method for training strong object
detectors purely with self-supervision by watching unla-
belled videos. We demonstrated that our best models per-
form better than a weakly supervised baseline, even after
curating the dataset to filter out noisy samples for train-
ing the latter. Our method also outperforms heatmap-based
methods in music instruments localisation, while having the
ability to detect objects in images directly without requiring
audio. We have also addressed one short-coming of using
the Hungarian for evaluation by showing that data-efficient
alignment of self-supervised detectors is possible with as
little as one image per pseudo-label. Finally we applied our
method to domains beyond musical instruments and found
that it can learn reasonable detectors in this much less cu-
rated setting, paving the way to general self-supervised ob-
ject detection.

Sound is a great natural source of supervision for training
detectors; we believe our method will be the first of many
to explore this exciting new direction.
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Appendix

This Appendix provides: additional qualitative results
including failure analysis (Sec. A), further implementation
details (Sec. B) and label mapping details (Sec. C).

A. Qualitative analysis & failure cases

In Figure A.1 we show more qualitative results for the
general object detection experiment. In Figure A.2 we show
some more examples of our trained detector’s output on
detecting musical instruments on the Openlmages test set,
including failure cases. As noted in the main paper, the
model’s detections are very precise, especially for visually
distinct categories such as Accordion, Harp, Cello etc.

The failure cases can be attributed to either incorrect
box predictions or misclassifications. Box-prediction fail-
ure modes most commonly manifest as i) grouping multiple
instances into the same detection, ii) missing instances or
iii) detection of only parts of an object. All those issues are
common and well documented in the WSOD literature [79].
We observe that in the case of objects that appear with high
granularity — e.g. drums — although qualitatively the de-
tections seem reasonable, the multiple instance grouping
problem is prominent; this explains our model’s low per-
formance by quantitative measures (mAP) for these classes.

Another error is detecting parts of wrong objects that of-
ten appear together with the objects of interest due to biases
in the data. For example sometimes mouth regions are de-
tected as wind instruments. This is expected when using the
audio-visual correspondence as the training signal.

Wrong classification on the other hand occurs often be-
cause i) visually similar classes are confused - e.g. Sax-
ophone and Oboe, Horn and Trumpet; ii) of incorrect
cluster-to-ground-truth-label matching, e.g. cluster with
high Tombone purity matched to Horn; iii) sometimes the
model confuses the class due to the object’s orientation —
for example a vertical violin is detected as a cello or vice
versa a horizontal cello is detected as violin.

B. Additional implementation details

Visual & audio encoder architecture. For the visual and
audio encoders (¢, ¢*) we use the AVOL-Net [7] architec-
ture. Each network is a 8-layer CNN with an architecture
similar to VGG-M. For a typical 224 x 224 x 3 RGB image
input, the video encoder outputs a 14 x 14 visual feature
map. The inputs to the audio encoder are 257 x 200 di-
mensional log-mel spectrograms, extracted from 1 second
of audio sampled at 24Hz. The output of the encoder is
average pooled, resulting in a single audio feature vector.

Localisation and classification heads. As localisation
flval and classifier g1**' networks we use for each
modality a 2-layer MLP with a hidden dimension of 512.

The MLPs do not share weights and are applied on top of
the common representations extracted by the video and au-
dio encoders. The visual feature maps are average-pooled
before being input to the classification network g, while f
is applied directly on the spatial feature map, as discussed
in Section 3.1 of the main paper. The output dimension for
the localisation networks (i.e. the common embedding di-
mension) is 128, while the audio and video classifier heads
each output K values, one for every cluster.

Detector backbone. As the backbone for the Faster R-
CNN detector we use a ResNet50(1x) [22, 41] model pre-
trained without labels using the SimCLR [22] method on
ImageNet. We use the pretrained weights' released by the
authors of [22]. We apply a Feature Pyramid Network
(FPN) [60] on top of the activations of different backbone
layers extracting visual features at five spatial scales, i.e. /4,
/8, /16, /32, and /64 of the input resolution. Feature descrip-
tors are extracted for every proposal with ROI-align pool-
ing [40].

Detector RPN training. The box proposals m € M (v)
used by the Faster R-CNN detector are produced by a Re-
gion Proposal Network (RPN). The RPN extracts a set of
anchors n € N(v) C Q? at three aspect ratios (0.5, 1.0 and
1.5) on each FPN output scale. The extracted number of
anchors depends only on the input image dimensions.

The RPN contains 2 MLP heads in order to model
o(n) = fpb,f(n|v) € {0, 1}, a binary objectness label indi-
cating whether anchor n contains an object or background,
and m(n) = fi%(nlv) € R*, the bounding box proposal
resulting from anchor n.

The RPN heads are trained jointly with the detector
heads, using the input box annotations and ignoring the
class labels: if n* = arg max,¢c y(,) loU(n,t") is the an-
chor that matches the pseudo-ground truth bounding box ¢*
the best, one optimizes:

Lipn(0, ") = Lreg(m(n™), ") + Lopj(0(n*), 1)
+ > Lapj(0(n),0).

a€A(v):IoU(n,t*)<7

Here L, is the L' loss for the bounding box corner coordi-
nates and Ly a binary cross-entropy loss. Similarly to the
detector loss, the RPN loss requires the best anchor n* to
match bounding box ¢* and to have a high objectness score,
while reducing the objectness scores of anchors n that are a
bad match.

Training details. For all the experiments we pre-train the
video and audio backbones using the localisation objective
only and average-pooling instead of max-pooling on the
heatmap. The pre-training is performed on the Audioset-
Instruments training set for 230 epochs on 64 GPUs with a

Ihttps://github.com/google-research/simclr
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VGGSound label Openlmages label
(representative) (test)

airplane flyby Airplane

ambulance siren Ambulance

mynah bird singing Bird

racing car Car

cat purring Cat

typing on computer keyboard Computer Keyboard

mouse clicking Computer Mouse

frog croaking Frog
helicopter Helicopter
lions roaring Lion

driving snowmobile Snowmobile

Table A.1: Mapping of VGGsound to Openlmages labels
for qualitative evaluation on non-instrument object cate-
gories shown in Figure A.1.

batch size of 12 per GPU, using the Adam optimizer with
a constant learning rate of 6.4 x 10~* and standard hyper-
parameters. The learning rate is initially set to 1 x 107°
and warmed up gradually until reaching the constant value
after 10 epochs. The joint localisation and clustering train-
ing is performed on 16 GPUs with a batch size of 16 per
GPU and SGD optimization with a constant learning rate
of 0.005 and momentum 0.9, for a further 300 epochs. We
set hyperparameter A to 0.5. The temperature for the con-
trastive learning is learned as a single scalar weight. The
detector training is performed on 16 GPUs with a batch size
of 12, SGD optimization and learning rate 0.008 for 100
epochs. The total training takes approximately 3 days in
this setting.

C. Additional label mapping details

In Table A.2 we show the full list of VGGSound video
categories used for training our models. We use only sam-
ples from the 39 mappable classes for the detector training
stage if not stated otherwise.

The 15 test labels shown are the musical instrument la-
bels found in the Openlmages dataset. As explained in
the main paper, the Audioset and VGGSound test sets that
we use for evaluation have been pseudo-labelled with high
confidence detections from a supervised detector trained on
Openlmages by [30], therefore these 15 test labels are com-
mon among all our test sets.

We use the same colour to show the manual grouping
of VGGSound labels that we use for some of the baseline
and ablation experiments. The many-to-one grouping of the
mappable into representative labels is used for training the
PCL WSOD baseline and also for evaluating the “manual”
matching strategy in Table 6 of the main paper. We note that
our proposed method does not use this mapping, but instead

uses the Hungarian algorithm for matching our learned clus-
ters directly to the representative classes. On the same table
we also show the constant mapping of representative VG-
GSound labels to the Openlmages test labels that is nec-
essary for evaluation. The majority of the instrument cat-
egories are matched exactly, except for the ‘Guitar’ and
‘Drum’ test labels for which we had to choose one of the
candidates from the VGGSound guitar and drum subsets;
we chose “playing electric guitar” and “playing snare drum”
as the representative labels respectively. Note that since the
Hungarian matching only matches one cluster to every test
label, only choosing one representative class, harms our de-
tectors, which are in fact more specialised. For example in-
stances of acoustic guitar that may be correctly detected and
not labelled as electric guitar will not be taken into account,
in effect lowering our method’s measured performance.

Similarly in Table A.1 we show the representative to test
mapping used for evaluation and visualisation in the non-
instrument object detection experiment.
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Figure A.1: Object detection beyond musical instruments. Our proposed method can learn to accurately detect objects
from more general categories, as long as they can be associated with a characteristic sound. The results shown here are from
a model trained without labels directly on the full VGGSound dataset which includes 309 different video classes.
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Figure A.2: Additional qualitative examples and failure cases. The images highlighted in red contain failure cases.
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VGGS instrument classes (50)

mappable (39)

representative (15)

test (15)

playing accordion

playing accordion

playing accordion

Accordion

playing double bass

playing bassoon playing bassoon playing flute Flute
playing cello playing electric guitar Guitar
playing clarinet playing clarinet playing harp Harp
playing cornet playing oboe Oboe
playing flute playing flute playing piano Piano
playing acoustic guitar playing acoustic guitar

playing bass guitar playing bass guitar

playing electric guitar playing electric guitar

tapping guitar tapping guitar playing violin Violin
playing harp playing harp playing banjo Banjo
playing harpsichord playing harpsichord

playing oboe playing oboe

playing electronic organ playing electronic organ playing snare drum Drum

playing hammond organ
playing piano
playing saxophone
playing trombone
playing trumpet
playing ukulele
playing violin
playing mandolin
playing banjo
playing harmonica
playing french horn

playing hammond organ
playing piano

playing ukulele
playing violin
playing mandolin

playing banjo

playing drum kit playing drum kit
playing bass drum playing bass drum
playing snare drum playing snare drum
playing tabla playing tabla
playing bongo playing bongo

playing tambourine
playing timpani
playing tympani
playing timbales
playing congas
playing djembe
playing cymbal
playing gong
playing didgeridoo
playing bugle
playing shofar
playing glockenspiel
playing vibraphone
playing marimba
playing bagpipes
playing theremin
playing steel guitar
playing sitar
playing erhu

playing tambourine
playing timpani
playing tympani
playing timbales
playing congas
playing djembe
playing cymbal
playing gong

Table A.2: VGGSound instrument catergories and labels mapping. The 15 fest labels are the Openlmages instrument
labels that all our tests sets are labelled with. The 39 mappable labels comprise the VGGSound subset that can be roughly
mapped to those 15 test labels — this mapping is necessary for evaluation. The representative classes are the ones that we
use to link VGGSound labels with the 15 test labels for evaluation. Labels manually matched by us are shown with the same
colour.
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Abstract

Computer vision has long relied on ImageNet and other large datasets of im-
ages sampled from the Internet for pretraining models. However, these datasets
have ethical and technical shortcomings, such as containing personal information
taken without consent, unclear license usage, biases, and, in some cases, even
problematic image content. On the other hand, state-of-the-art pretraining is nowa-
days obtained with unsupervised methods, meaning that labelled datasets such as
ImageNet may not be necessary, or perhaps not even optimal, for model pretrain-
ing. We thus propose an unlabelled dataset PASS: Pictures without humAns for
Self-Supervision. PASS only contains images with CC-BY license and complete
attribution metadata, addressing the copyright issue. Most importantly, it contains
no images of people at all, and also avoids other types of images that are problem-
atic for data protection or ethics. We show that PASS can be used for pretraining
with methods such as MoCo-v2, SWAV and DINO. In the transfer learning setting,
it yields similar downstream performances to ImageNet pretraining even on tasks
that involve humans, such as human pose estimation. PASS does not make existing
datasets obsolete, as for instance it is insufficient for benchmarking. However, it
shows that model pretraining is often possible while using safer data, and it also
provides the basis for a more robust evaluation of pretraining methods. Dataset and
pretrained models are available'.

1 Introduction

The development of modern machine learning could not have happened without the availability of
increasingly large and diverse research datasets. Consider computer vision for example: algorithms
were initially developed using small datasets collected in laboratory conditions and, as a consequence,
almost no method worked in the real world. This cycle was broken only once researchers adopted
datasets such as PASCAL VOC, MS COCO and ImageNet, which are collections of images sampled
from the Internet. These collections are not only much larger than prior datasets, but they also provide
a much better representation of the statistics of natural images because they arise from the real world.
Because of this, algorithms became vastly more robust and were able to better generalize to the real
world. Furthermore, these datasets have acquired fundamental scientific functions as well: they allow
reproducible and quantitative comparison of algorithms and they enable researchers to efficiently
build on each other’s work.

However, for all their benefits, these datasets have technical, ethical and legal shortcomings.

One issue is copyright. While some datasets contain images explicitly licensed for reuse (e.g. Creative
Commons), some do not. Some national laws contain copyright exceptions or otherwise allow the

Thttps://www.robots.ox.ac.uk/ vgg/research/pass/
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Figure 1: PASS : Pictures without humAns for Self-Supervision. We propose a new dataset
of 1.28M Internet images with CC-BY license that do not contain humans or body parts at all.
The dataset is collected randomly without using search engines and has no labels, which makes
it particularly suitable for self-supervised learning. We show that this dataset can largely replace
ImageNet for the purpose of model pretraining. While this does not make ImageNet obsolete, it does
remove the need for using ImageNet for one of its most common applications. Individual image
attributions for this figure are given in the Appendix.

usage of copyrighted works for research and/or for training machine learning models, but this is not a
universal, nor always firmly established, fact.

Another issue is data protection. The vast majority of images are collected by humans for human
consumption in human-populated areas. As a natural consequence, a large fraction of Internet images
contain people. Because it is nearly impossible to obtain consent for all the people in these images,
this data is collected without consent [8, 90]. This is an ethical issue as well as a legal one, as personal
data is protected by legislation such as the EU and UK General Data Protection Regulation (GDPR).
Data protection legislation may still allow the usage of such data for research purposes, but this
generally requires the data to be minimal, i.e. required for the specific research one is conducting.

While the copyright issue can sometimes be addressed by choosing liberally-licensed images, the
data protection issue is much more challenging. The key question here is whether computer vision
can simply avoid having any images containing people. When the goal is to extract information about
people (e.g., pose recognition), the answer is obviously no. However, datasets such as ImageNet are
often used for model pretraining even if the final application is not about people at all. In this case, it
is legitimate to ask if pretraining could be done on data that does not contain people.

Note that blurring people as recently done in [91], while helpful, is not enough to remove privacy
concerns; for instance, based on GDPR such images are still personal data insofar as the blurred
individual can be recognized due to e.g. contextual cues, which can also be picked up by reverse
image search engines [70]. We look instead at whether people can be excluded completely.

Rather than just filtering ImageNet, however, we take a different route. Many datasets such as
ImageNet, which were designed for supervised object classification, contain undesirable biases. For
example, [8] highlights harmful depictions in the popular ImageNet 2012 split, and its collection and
annotation processes have been criticized for leading to stereotyped and problematic depictions of
categories [8, 75, 78, 79]. For ImageNet, we therefore identify as main sources of bias its collection
by scraping with search engines, and its selection of 1000 labels. On the other hand, we note that
the current state-of-the-art model pretraining uses self-supervised learning (SSL) and thus does not
require labels at all. Motivated by this, we thus consider forming a dataset without using labels,
significantly increasing diversity and removing the search engine selection bias. Because we remove
images with humans, we further significantly reduce the risk of including contextual biases linked to
the appearance of people. Furthermore, due to its more random and unsupervised nature, this dataset
also serves as a better benchmark for SSL to study scaling to natural images that are not curated to a
pre-defined set of class labels, addressing a technical shortcoming of current evaluations.

Concretely, our first contribution is PASS, a large collection of images (1.28M) excluding humans
(along with other identifiable information such as license plates, signatures, or handwriting and
NSFW images). We do so by starting from a large-scale (100 million random flickr images) dataset—
YFCC100M [8|]—meaning that the data is better randomized” and identify a ‘safer’ subset within it.

20f course, this does not remove all biases, as we discuss in the limitations section.



We also focus on data made available under the most permissive Creative Common license (CC-BY)
to address copyright concerns.

Given this data, we then conduct an extensive evaluation of SSL methods, discussing performance
differences when these are trained using ImageNet and PASS. Compared to ImageNet, there are
three essential differences with the PASS dataset: the lack of class-level curation and search; the lack
of ‘community optimization’ on this dataset; and, of course, the lack of humans. We study via further
ablation the contribution of these effects.

We find that: (i) self-supervised approaches such as MoCo, SWAV and DINO train well on our dataset,
yielding strong image representations; (ii) excluding images with humans during pretraining has
almost no effect on downstream task performances, even if this is done in ImageNet; (iii) in 8/13
frozen encoder evaluation benchmarks, performance of models trained on PASS yield better results
than pretraining on ImageNet, ImageNet without humans, or Places205, when transferred to other
datasets; and for finetuning evaluations, such as detection and segmentation, PASS pretraining yields
results within 1% mAP and AP50 on COCO. (iv) Even on tasks involving humans, such as dense
pose prediction, pretraining on our dataset yields performance on par with ImageNet pretraining.

2 Related Work

Image datasets for model pretraining. By far the most widely used pretraining dataset is Ima-
geNet ILSVRC12 (IN-1k) [22], containing 1.28M images covering 1000 object categories. This is
followed by MIT-Places 205 and 365 datasets [97, 99], containing 2M and upto 10M images with
labels, respectively, Webvision [59] containing the same labels as IN-1k, as well as Taskonomy [92],
containing 4M images with scene attributes.

YFCC-100M [81] is a much larger dataset with 99M images with licence information and other
metadata. Openlmages [6, 54, 56] contains 6M images and 20K classes. These datasets have been
further combined and relabeled to yield further datasets, including Tencent ML-images [86] and
Conceptual Captions [76].

When measured on downstream task performance, supervised pretraining on ImageNet (IN-1k) has
nowadays been surpassed by unsupervised pretraining, but often these methods use the same images
for both pretraining and evaluation (with labels). We argue that SSL. methods should instead be
trained on more diverse and less-curated datasets, so as to disentangle the performance gains from
the potential requirements on the underlying data. This is particularly true if ImageNet is also used
for evaluation.

Bias and privacy. Biases contained in datasets have been investigated in various works [8, 9, 20,

, 42,46, 68,78, 90, 94] and in particular its annotation practices [ 1, 7, 34, 48, 63, 65, 71, 82, 83].
We focus specifically on ImageNet as this is the defacto standard dataset used for pretraining
representations®. Notably, [20] shows that the larger version of ImageNet had stereotypes/slurs as
class labels, and further was biased with regards to gender-biased depictions [25], which led to the
removal of the person categories from the dataset [90].

More recently, Birhane and Prabhu [8] finds biased and NSFW images in ImageNet LSVRC-12 and
criticises its labelling process. This paper and its subsequent blog-post [70] also outline problematic
categories, such as the ‘bikini’ class. Another issue is that ImageNet, as well as other datasets, contain
biases inherited from the search engines used to collect them, which sometimes results in racist,
sexualized, skewed or stereotyped representations [42]. These biases are passed down to models
trained on this data, e.g. as shown in the image completion work [78], or face upsampling [62].
Furthermore, the labels included in ImageNet are also imperfect: when [71] reproduced ImageNet’s
annotation process, they noted highly-variable results yielding up to 11%—14% drops in accuracy. For
a more in-depth review of datasets, their collection practises and current issues we refer to Paullada
et al. [68].

In response to some of these issues, a version of ImageNet with blurred faces has now been pub-
lished [91], in which the authors show that this only marginally affects object classification perfor-

3 Although these issues are likely to be present in most other web images datasets too: following the
methodology of [8], we easily find several pornographic and troubling images even in Places205 [98]. Better
filtering for such content is necessary.



* 1.4M images

- - - 1.4M imag

YFCC-100M 17M 10M W PASS | - <80 images per user
* Full-licence files

Creative Commons Download and Automated removal of images Balance image T
. ) | of broken/ with faces and humans contributions by user
-BY’ license onl remova P—
CC cense only single color files ‘Human verification: no humans ‘

Figure 2: Dataset generation pipeline. Starting from 100M images in YFCC, we select 6M images
that do not contain humans. This dataset is further reduced to the size of 1.4M by balancing user
contributions and is finally manually checked.

mance. However, as [70] points out, this does not eliminate the problem, as even after blurring faces,
reverse image search can be used to retrieve the original picture, thus leaving the privacy concerns
unsolved.

In this work, we focus on alleviating some of these privacy and bias issues by constructing a dataset
that is completely free of humans, does not rely on search engines or labels, and only contains images
with a permissive license (CC-BY) and attribution information.

Self-supervised learning. Starting from early works such as [47, 67], self-supervised representa-
tion learning methods methods are nowadays mainly based on clustering [3, | 1, 35, 36, 58] and/or
noise-contrastive instance discrimination [14, 29, 38, 41, 44, 64, 88]. In particular, MoCo [44] has
sparked several further implementations [4, 15, 51, 58, 77, 89, ] and therefore we use this model
for most of the experiments in this paper. Several papers [30, 53, 95] also compare SSL methods in
detail and find among other results that, downstream task performance is dependent on the pretraining
dataset, and that self-supervised methods struggle on fine-grained classification tasks compared to
their supervised counterparts. We therefore evaluate various distributional splits of our dataset and
evaluate also on finegrained datasets.

3 PASS: images minus people

The PASS dataset is obtained as a subset of the
YFCC-100M dataset [81]. The latter is freely
available on the AWS public datasets page [74],
and has complete metadata that includes the in-
dividual licenses and creators, thus satisfying
our requirement of CC-BY. In case this dataset
ceases to exist on the public datasets of AWS,
we have made necessary backups, for details
see the ‘Datasheets of Datasets’ section in the

Appendix. Figure 3: Geographic diversity: 552K of 1.4M
Collection modality. PASS was obtained as images contain geo-locations.

follows (see also Fig. 2). First, the YFCC-100M

metadata was used to select images with CC-

BY licence, which left us with 17M images. Once, these images were downloaded, corrupted or
single-color images* were removed (leaving 10M). Pretrained RetinaFace [23] and Cascade-RCNN
(3x) [10] models were used to filter out images containing human faces and humans (6M). All details
are provided in the Appendix.

In YFCC-100M, the distribution of images per photographer is highly skewed. Thus, to increase
dataset diversity, we set a maximum threshold of 80 images per photographer and uniformly sampled
1.4M images. Finally, these images were submitted for human labelling’.

Manual Filtering. The annotators were asked to identify images that contain people or body parts,
as well as personal information such as IDs, names, license plates, signatures etc. Additionally, the
annotators were asked to flag images with problematic content such as drugs, nudity (mostly included

*For a surprisingly large fraction of the images all pixels have the same color.
SPrior to human verification we further checked the most highly ranked 1K images according to a NSFW
classifier [57] for possible harmful content and found none.
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Figure 4: Larger diversity than ImageNet-1k. Compared to the curated ImageNet-1k dataset, our
dataset has longer tails.

Table 1: Downstream evaluation tasks and datasets. (%) Indicates presence of ‘person’ annotations or
human-oriented downstream tasks.

Frozen |Clustering: IN-1k, ObjectNet, Places205, Flowers
Linear probing: IN-1k, ObjectNet, Places205, Flowers, CIFAR-10 (%), Herbarium2019
Low-shot classification: Pascal VOCO07 (%), Places205, Flowers

Finetune | Object detection: COCO17 (%), Pascal VOCO7+12 (%)
Object segmentation: COCO17 (%), LVIS (%)

Dense pose detection (¥): COCO17

Human keypoint detection (%): COCO17

in the “no people” rule), blood and other offensive content. The annotations were performed over the
course of three weeks by an annotation company whose annotators were paid 150% of the minimum
wage. During the manual annotation process, around 2% of the images were flagged and subsequently
removed. From the remaining images (1.46M) we further removed duplicates (see Appendix C.3)
and randomly selected a subset with approximately the same size as IN-1k (1.440.191 images).

Statistics. We first provide some descriptive results of our dataset. Using the meta-data provided,
we plot the GPS location of the images in Fig. 3. We find that the subset of the dataset that contains
GPS coordinates covers a wide area of the world, but is focused on western countries such as the
US, Europe and Japan. This likely reflects the skew of the Flickr user database and is a form of
bias that can limit generalisation capabilities [21], as for example images taken in less developed
countries might be uploaded by tourists that take images of stereotypes [75, 84]. With this we wish to
stress that the PASS dataset is by no means bias-free, and its misunderstanding as such might lead
to spurious claims of fairness. While the dataset comes with some textual annotations such as tags
and descriptions, these are discarded to avoid further biases [83] since they are not necessary for
self-supervised learning.

In Fig. 4 we show the results of running pretrained classification models on our dataset and compare
the output diversity against IN-1k. Note that in Fig. 4b, the distribution for IN-1k objects should
technically be zero for classes after 1000, as IN-1k is a subset of IN-21k. We attribute this deviation
to the quality of the model—classifiers with a very high number of classes (here: 21,000) are still
very noisy. Nonetheless, for a relative comparison of two datasets, even a noisy classifier is sufficient.
We find that, compared to IN-1k, our dataset contains more variety in terms of places and objects, as
shown by the higher tail of the distributions.

4 Experimental setup

We evaluate PASS by pretraining models on the PASS data using self-supervision and then testing
the quality of the resulting models on a range of downstream tasks outlined in Table 1.

SSL pretraining methods. We pretrain models using MoCo-v2 [16] as it has become a staple SSL
method, can be extended in various ways [4, 15, 51, 58, 77, 89, ] and, with updates to the learning
schedule and most recently its implementation of the loss [17] remains state-of-the-art in feature
learning. This makes it an ideal candidate to probe the pretraining performance of our dataset. We
therefore conduct most of our experiments using the MoCo-v2 public implementation with a 200



epoch pretraining schedule. We further train and evaluate models trained with SwWAV [12], another
state-of-the-art representation learning method, but one which is based on unsupervised clustering.
Finally, we also pretrain using DINO [13], a recent method that is tailored to vision transformer [24]
SSL.

For downstream evaluation, we set all training parameters as proposed in existing literature (which,
in practice, means they are tuned for IN-1k). Specific tuning for each pretraining dataset would
probably improve performance. For pretraining MoCo-v2 and MoCo-v2 CLD, we follow the official
implementation and adhere to the 200 epoch schedule. We use the 200 epoch configuration with
multi-crop schedule for SWAV which takes around double the GPU hours as MoCo’s 200 epochs. For
DINO, we follow their 100 epoch training code, which also includes multi-crop. Further experimental
details are given in the Appendix.

Pretraining Data. Using MoCo-v2, we compare PASS against other datasets for pretraining, such
as: (a) IN-1k: ImageNet-2012 split [22], the current standard for SSL pretraining; (b) IN-1k*:
ImageNet-2012 with humans and human parts removed, as an ablation of IN-1k; (¢) Places-205 [98]:
to compare the effect of the data distribution on pretraining, as in [53, 95]. We construct (b) by first
removing all images with faces [9 1] and subsequently running our automated human and human part
detection pipeline. The selected image IDs are provided in the supplementary material. We do not
include manual verification because this dataset is only meant to measure the effect of removing
humans from ImageNet. We also compare against supervised pretraining using datasets (a) and (b)
for which labels are available.

Frozen encoder evaluation. Frozen encoder evaluations are seen as a gold-standard for evaluating
representation learning performance due to their simplicity and ease of use. We include: the two
standard evaluation datasets ImageNet [22] and Places [97], as well as ObjectNet [5], CIFAR-10 [55]
as an example of a low-resolution dataset (though we note that its classes are contained within IN-1k),
and the fine-grained classification datasets Oxford Flowers [66] and Herbarium 2019 [80]. We use
linear probing, low-shot classification and clustering as tasks to evaluate the frozen encoders. For
linear probing, we use MoCo-v2’s default linear evaluation code, without any adjustments®. For low-
shot classification we follow the public implementation of [58], again without tuning hyperparameters.
For clustering, K -means is run on the embedded features of the validation set and their clustering
is compared against the ground-truth labels, as in [73, 96]. Here K is simply set to be equal to the
number of ground-truth classes. This evaluation does not contain any hyperparameters.

Finetuning evaluation. For finetuning, we follow standard evaluation practices of the self-
supervised literature: we evaluate object segmentation and detection. Beyond this, we also include
human-focused efficient keypoint detection and pose estimation on COCO [60] to measure the
effect of removing images with humans on person-centric tasks. Finally, we also finetune for object
detection on PASCAL VOC [32] and long-tailed object segmentation on LVIS-v1 [40].

Specific details such as number of epoch, learning rates and schedules are provided in the Appendix.
Additionally we include all code to reproduce the evaluations.

5 Results

When comparing pretraining datasets, a key factor is whether the pretraining and target datasets used
for evaluation coincide or not. The realistic usage scenario is that they differ, which amounts to
transfer learning. Yet, for benchmarking SSL methods, the non-transfer setting is often used instead.
For example, both pretraining and evaluating on IN-1k does not test whether the features generalize
beyond ImageNet. In the tables, we clearly distinguish these two cases by graying the non-transfer
learning results. Naturally, there is a performance gap when training on PASS compared to matching
pretraining and target datasets. However, for transfer learning we show that PASS performs on par to
pretraining on ImageNet or similar datasets, even on downstream tasks involving humans, and for
different SSL methods. Furthermore, we ablate the effect of using different pretraining splits and
pretraining augmentations on downstream performances.

Frozen encoder evaluation. For the clustering evaluation in Table 2a, pretraining on PASS yields
generalisable features that can outperform IN-1k and IN-1k* pretraining in the transfer learning

®For ObjectNet, which is a test set only, we transfer the linear classifier trained on IN-1k and report
performance on the overlapping classes.



Table 2: Frozen encoder evaluations. We evaluate the encoders by (a) unsupervised clustering,
(b) training a linear layer, and (c) training SVMs in a low-shot scenario on top of the frozen
representations. Gray numbers indicate “non-transfer” evaluations on datasets that share all classes
with the pretraining dataset and thus are expected to perform better than datasets with a different
label distribution.

IN-1k  ObjN  Places Flowers
Pretraining NMI aRI NMI aRI NMI aRI NMI aRI Pretraining  IN-1k —ObjN Plcs C10 Flwrs H19

Random 434 0.1 17.6 0.1 20.7 0.2 249 1.7 Random 42 04 16,6144 9.0 3.1
Supv. IN-1k  79.7 40.7 36.7 6.2 51.5 14.3 70.3 38.8 Supv. IN-1k  76.3  27.3 51.574.0 90.7 44.0
Supv. IN-1k* 75.9 34.8 33.1 4.3 47.0 10.7 70.4 39.0 Supv. IN-1k* 69.1 232 40.072.3 89.9 43.8

MoCo-v2 MoCo-v2
onIN-1k  64.0 12.724.3 1.1 442 7.5 62.1 30.1 on IN-1k 67.5 16.0 50.191.6 90.2 42.3
on IN-1k* 63.2 12.223.7 1.0 42.4 6.4 62.5 32.0 onIN-1k* 656 14.6 50.690.7 90.3 42.5
onPlaces 54.7 5.5 22.8 0.8 51.1 12.0 55.2 21.6 onPlaces 57.3 99 56.655.7 85.9 36.8
on PASS 556 5.9 229 0.8 444 7.7 63.0 30.1 on PASS 59.5 11.7 52.881.0 89.2 46.5

3
7
8

(a) Clustering evaluation: K-means is run on the val-  (b) Linear probing: representations are used to train
idation sets and the assignments are compared against  a linear layer using a standard schedule on a target

the ground-truth labels via the NMI and aRI (%). dataset and top-1 accuracy is reported.
Places Pascal VOCO07 Herbarium19
Pretraining k= 1 4 8§ 16 1 2 4 8 16 1 2 4 8 16

2
Random 08 1.1 13 16 21 83 86 94 99 100 04 04 06 06 09
Supervised IN-1k 153 21.3 27.0 323 364 54.0 679 73.8 79.7 823 4.8 7.4 115 16.7 22.6
Supervised IN-1k™ 12.7 17.5 229 279 322 48.6 62.1 68.7 752 788 4.8 7.8 11.8 17.2 23.2

MoCo-v2
on IN-1k 122 16.8 22.3 28.1 32.8 46.3 58.3 649 725 76.1 4.7 7.7 124 182 244
on IN-1k* 11.0 154 204 259 30.6 432 553 619 69.5 73.8 48 7.5 120 17.7 244
on Places 21.5 27.8 34.0 39.6 434 40.6 51.5 575 64.6 69.0 39 64 9.8 149 20.6
on PASS 12.0 16.6 22.1 27.7 32.8 408 51.6 57.6 65.8 70.3 53 84 129 18.7 25.0

(c) Low-shot classification for k=1,2,4,8,16 images per class with training one-vs-all SVMs using 5 runs each.
We report top-1 accuracy except for the multi-label VOC07, where we report mAP.

Table 3: Finetuning representation evaluations. We finetuning the encoders on (a) COC0O2017
object detection & segmentation (see Appendix for Pascal VOC) and (b) dense human pose estimation.
AP is COCO’s AP on IoUs [0.5:0.95:0.05].

Bounding-box Segmentation Dense-pose B-box Seg.
Init. AP APsy AP;s -AP AP APs; APss $-AP  Init. APE . APP AP AP
Random 26.4 44.0 27.8 29.3 46.9 30.8 Random —does not train—

Supv. IN-1k  38.9 59.6 42.7 549 354 56,5 38.1 47.1 Supv.IN-1k 644 657 61.1 67.1
Supv. IN-1k* 38.5 59.3 419 54.6 35.0 56.0 37.1 46.7 Supv. IN-1k* 642 65.5 60.9 66.9

MoCo-v2 MoCo-v2
onIN-1k 38.7 59.2 423 555 352 562 379 47.6 onIN-1k 650 66.3 61.7 67.6
on IN-1k* 38.4 587 41.8 554 35.0 55.8 374 472 on IN-1k* 64.8 66.1 614 67.0
on Places 38.3 58.4 41.7 559 348 554 374 47.8 on Places 64.9 66.0 61.8 67.1
on PASS 38.0 58.5 41.5 555 347 554 37.1 47.5 on PASS 649 65.7 61.5 66.8

(a) Object detection & segmentation on COCO using R50-FPN, (b) Dense human pose estimation with R50-
1x schedule. %-AP denotes AP on the person class. FPN and the ‘s1x’ schedule.

setting. The linear probing benchmark in Table 2b shows a similar pattern: PASS yields the best
transfer performance on IN-1k, ObjectNet, Places205 and Herbarium19 (HT19). However, for
CIFAR-10 transfer from ImageNet works better than Places and PASS. This is most likely due to the
semantic overlap of these two datasets: all CIFAR-10 classes are contained in ImageNet, reducing
the transfer gap.

Finally, we report the low-shot classification results in Table 2c. Here, we find that PASS pretraining
performs close to IN-1k and surpasses IN-1k* when transferring to Places205. For PASCAL VOC,
PASS is worse than both ImageNet variants, but outperforms Places205 pretraining. The gap to



Table 4: Effect of SSL method. We pretrain with recent SSL methods and evaluate: Linear probing
and 4-shot classification (top-1 accuracy), PascalVOC (mAP), object detection COCO (mAP, ¥ AP)
and for Pascal VOC (AP50). For clustering we report aRI.

Linear probing Object detection 4-shot classific. ~ Clustering
SSL method IN-1k ObjN Plcs Flwrs HT19 COCO (m,®) PVOC PVOCO07 Plcs H19 Plcs Flwrs
MoCo-v2 59.5 11.7 52.8 89.2 465  38.0,55.5 81.1 576 221129 7.7 30.1
MoCo-v2-CLD 60.2 12.7 53.1 89.8 447 38.1,547 81.2 59.6 23.0 139 79 314
SwAV 60.8 12.0 555 919 544 372,523 729 619 23.0 16.0 94 36.7
DINO (ViT-S16) 61.3 11.9 54.6 92.2 485 NA NA 643 249 18.2 10.8 43.1

Table 5: Effect of pretraining augmentation. Here we compare the effect of the minimum size
parameter of the random-resized crop (RRC) augmentation when pretraining MoCo-v2.

Linear probing Object detection 4-shot classific.  Clustering
RRC min. size IN-1k ObjN Plcs Flwrs HT19 COCO (m,?) PYOC PVOCO07 Plcs H19 Plcs Flwrs

0.2 (default) 59.5 11.7 52.8 89.2 46.5  38.0,55.5 81.1 57.6 221129 7.7 30.1
0.1 (more zoom) 59.5 11.7 53.4 89.6 489 378,553 811 57.6 225135 7.7 293

IN-1k pretraining might be due to the insufficient tuning of the SVM cost hyperparameter, as well
as the semantic similarity of PascalVOC with ImageNet (common objects, object-centric images
and indeed overlapping object categories). However, as shown below, different pretraining methods
such as DINO can yield significant improvements. For Herbarium19, PASS yields the strongest
pretraining performance, and is the only example where the self-supervised representation surpasses
the supervised baselines for this benchmark.

Finetuning evaluation. Next we analyse the performance of the pretrained representations when
they are used as initialisation for downstream tasks (c.f. Table 3). For Mask-RCNN based detection
and segmentation on COCO (Table 3a, we find that the gaps between the different pretraining datasets
are overall small and within +1% for the AP, AP50 and AP75 measures for both bounding-boxes
(bb) and mask (mk) evaluations. We also report the performance on the ‘person’ object category
(%) and find that the encoder pretrained on PASS still matches and surpasses the ones obtained with
supervision on IN-1k and IN-1k*. In Table 3b we find similar trend for dense pose estimation, an
inherently human-focused task, where the differences between pretraining datasets are even smaller.
We provide further experimental results in the Appendix.

Effect of data content. In this section we study the effect of selecting different types of visual
content, using the splits specified in Table 6. The first question is whether humans matter or not for
pretraining. In the Humans split, we proceed as in PASS but skip the filtering step (in this case, 57%
of the images contain humans and there is a 27% overlap with the filtered version). This leads to a
small improvement in object detection 4-shot classification and a small decrease in performance for
HT19, Flowers, and ObjectNet, but mostly staying within +2%.

The second question is whether the distribution of other classes matters or not. We test biasing the
selection of images by using an IN-1k pretrained classifier to match the class statistics of IN-1k as
well as possible. The ~IN80O split is obtained from the 6M images by retaining the most frequent
800 classes and retaining at most 2K samples per class, followed by subsequent sampling to a size of
1.28M. The ~IN80O0 split leads to a large increase in performance for IN-1k and ObjectNet linear
probing, echoing previous findings that the closeness of the pretraining distribution to the downstream
task matters [53, 72]. However, it also leads to small decreases on datasets such as Places, H19 and
Flowers.

The third question is whether capping the number of pictures per photographer matters. The Ran-
dom6M split contains all 6M images left after cleaning and removing humans, as determined by
pretrained models, but skipping the photographer balancing and manual cleanup step (the latter is
for safety and only changes the dataset composition marginally). The Random split further restricts
that to 1.28M. While the Random split generally performs less well than the other splits, Random6M
achieves strong performances on many tasks. While this result is also partially due to the larger
number of optimization steps (all methods were trained with 200 epochs), it might show how SSL
methods can scale with more data.



Table 6: Effect of pretraining data. We report the same metrics as in 4.

Linear probing Object detection 4-shot classific. ~ Clustering
Data IN-1k ObjN Plcs Flwrs HT19 COCO (m,f) PYOC PVOCO07 Plcs H19 Plcs Flwrs
PASS 59.5 11.7 528 89.2 465 38.0,555 8l1.1 57.6 221129 7.7 30.1
e Humans 59.7 112 535 87.7 453 382,556 814 59.8 222125 79 299
~ IN800 624 13.7 51.5 90.3 474 383,552 81.7 61.6 214128 7.5 312

e Random 587 112 52.7 88.6 466 37.8,550 81.1 578 219123 7.6 303
e Random6M 61.3 129 54.7 90.1 449 379,553 81.0 613 244119 84 313

Overall, PASS yields overall good performance without either containing humans, or the need for a
pretrained classifier and is of size comparable to IN-1k.

Effect of pretraining method. Finally, we pretrain other self-supervised learning methods on our
dataset and show results in Table 4. First, we compare MoCo-v2 against MoCo-v2-CLD [85], and
find improvements similar in scale to the ones reported in [85]. Next, from the results of SWAV [12]
and BYOL [38], we find that methods that performed better on IN-1k also tend to perform better on
our dataset, show that PASS can be used instead of IN-1k to compare models.

A note on augmentations. In this paper we have solely used the hyperparameters that come with
the methods, and as such, have been optimised by the computer vision community for the last few
years on IN-1k. Augmentations play an important role for self-supervised learning [2, 14, 16], and
strongly influence the final performance. We cannot replicate several years of augmentation tuning
for our PASS dataset but can expect that with time, better settings can be found. To support this
claim, we show one example of such adaption in Table 5 that we were able to find. By changing the
minimum-size parameter used in random-resized crops from 0.2 to 0.1, we observe an improvement
in performance in almost every benchmark. While small, the improvement might be explained by the
fact that our dataset is less object-centric than ImageNet, and so stronger crops can be used, as there
is no need for the crop to cover an object.

6 Discussion

In the introduction, we have motivated our new dataset PASS from a technical, ethical and legal
perspective. By using CC-BY images, we greatly reduce the risk of using images in a manner
incompatible with copyright. By avoiding the usage of search engines and labels to form a dataset,
we avoid introducing corresponding biases. By excluding all images that contain humans, as well as
other identifiable information and NSFW images, we significantly reduce data protection and other
ethics risks for the data subjects. We have shown that, despite these changes, we can effectively
pretrain neural networks using this data. By conducting extensive downstream task evaluations,
we have shown that pretrained networks obtained using self-supervised training on this dataset are
competitive to ImageNet on transfer settings and even on downstream tasks that involve humans.

However, several limitations remain. First, while we put care in filtering the images, automatically
and manually, some harmful content might have slipped through.

Second, sampling images randomly from an uncurated large collection removes specific biases such
as search engine selection but not others, for example the geographic bias. Furthermore, we added
one significant bias: there are no people in these pictures, despite the fact that a large fraction of all
images in existence contain people. While this appears to be acceptable for model pretraining, PASS
cannot be used to learn models of people, such as for pose recognition.

Thirdly, since PASS contains no labels, PASS (in contrast to ImageNet) cannot be used alone for
training and benchmarking. For this, curated datasets remain necessary, which continue to carry
many of the issues of privacy and copyright described in the paper.

Despite these limitations, we believe that PASS is an important step towards curating and improving
our datasets to reduce ethical and legal risks for many tasks and applications and at the same time to
challenge the SSL community with a new, more realistic training scenario of utilizing images not
obtained from a labeled dataset.
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ChecKlist

1. For all authors...

(a) Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope? [Yes] We propose a dataset for pretraining and evaluate it
extensively in Tables 2b and 3 to 6.

(b) Did you describe the limitations of your work? [Yes] See in particular Section 6

(c) Did you discuss any potential negative societal impacts of your work? [Yes] We discuss
the issue of our dataset still being US and Euro-centric in Section 3.

(d) Have you read the ethics review guidelines and ensured that your paper conforms to
them? [Yes]

2. If you are including theoretical results...

(a) Did you state the full set of assumptions of all theoretical results? [N/A ]
(b) Did you include complete proofs of all theoretical results? [IN/A]

3. If you ran experiments (e.g. for benchmarks)...

(a) Did you include the code, data, and instructions needed to reproduce the main experi-
mental results (either in the supplemental material or as a URL)? [Yes] Code is attached
as supplementary material and will be released together with the dataset.

(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they
were chosen)? [Yes] See beginning of Section 5 and further details in Appendix.

(c) Did you report error bars (e.g., with respect to the random seed after running experi-
ments multiple times)? Pretraining is very compute intensive. We could only run
pretraining once per experiment.

(d) Did you include the total amount of compute and the type of resources used (e.g., type
of GPUs, internal cluster, or cloud provider)? [Yes] These details are provided in the
implementation details in the Appendix.

4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets...

(a) If your work uses existing assets, did you cite the creators? [Yes] We mainly use
YFCC-100M [81] and mention them in Section 1, Section 3. All datasets used for
evaluation are cited in Section 5.

(b) Did you mention the license of the assets? [Yes] The license is CC-BY, which is
mentioned in Section 1 and Section 3.

(c) Did you include any new assets either in the supplemental material or as a URL?
[Yes] We propose a new dataset, which is a subset of YFCC-100M. Download is made
possible via code in the Supplementary Material and a link for reviewers to inspect it is
provided in Appendix C

(d) Did you discuss whether and how consent was obtained from people whose data you’re
using/curating? [Yes] We discuss this in Section 3.

(e) Did you discuss whether the data you are using/curating contains personally identifiable
information or offensive content? [Yes] The data is created to explicitly not contain
this information, as stated in Sections 1 and 3.

5. If you used crowdsourcing or conducted research with human subjects...

(a) Did you include the full text of instructions given to participants and screenshots, if
applicable? [Yes] See Appendix C.

(b) Did you describe any potential participant risks, with links to Institutional Review
Board (IRB) approvals, if applicable? [N/A| We filtered images for pornographic and
disturbing content even before sending the images to the annotators.

(c) Did you include the estimated hourly wage paid to participants and the total amount
spent on participant compensation? [Yes] See Section 3.
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A Dataset Access

During review, we had provided instructions for the reviewers to view the dataset in the OpenReview
submission. The dataset is hosted by Zenodo [31] and can be found under this URL:

https://zenodo.org/record/5501843

B Image attributions

The creators for the images in Fig. 1, are (top-left to bottom-right): RichTatum, chongeileen, Vliad
lorsh, millstastic, Ross_Angus, nfeli777, semper_fi_brother, jj-photo, BluEyedA73, Pazit Polak,
florianplag, Johan Lange, kimadababe, Alzheimer’s Association - Greater Illinois, Esme_Vos,
babeltravel, Henrique B Costa, Dude of Lego, matthewreid, Russ Dill, theunwiseman, Wenkan,
at8eqeq3, Larryl732, Haroldo Kennedy, DGriebeling, Tez_kuma, Overman Alawami, FreeCat,
fezuardi, Norisal, pescatello, jasonlsraia, semanticwebcompany, jumblejet, Rain San Martin,
crackerbelly, Problemkind, M_Hartman Photography, antaean, andyket, mirven, Quinn Rossi,
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MARCO_QUARANTOTTI, -Tripp-, JulieHagenbuch, frank drewett, MeRyan, Sharib4rd, Schlus-
selbein2007, BBR1245, Officer Phil, cadyellow, Andreas Joensen, FuFuWolf, zerojay, Spoon Monkey,
Tatters80, gypsygirl.photography, ChristinaT, Irene Vilachou, allenreichert, rs-foto, Sara Cimino,
JonoMueller, Lock The Gate, m01229, ebis50, Speculum Mundi, fontosiskola, rakhl, dreamci-
cle19772006 ON OFF .

All images in this paper and the dataset are licensed by the CC-BY (https://creativecommons.
org/licenses/by/2.0/) license and contain information on their creator. On the above url, this
license is described as follows:

1. Copy and redistribute the material in any medium or format
2. Remix, transform, and build upon the material for any purpose, even commercially.
3. This license is acceptable for Free Cultural Works.

4. The licensor cannot revoke these freedoms as long as you follow the license terms.

C Dataset Generation Details

C.1 Automated pipeline

For the detection of faces we use RetinaFace [23] and the MobileNet(0.25 model from the PyTorch
RetinaFace repository (https://github.com/biubugé/Pytorch_Retinaface). We keep all
parameters, including the detection threshold value of 0.02. For the automated detection of humans
and human parts we use the highly performant Cascade-RCNN trained using the 3x schedule on
COCO, available from the detectron?2 library [87]. The threshold for detections is set to its default
value of 0.5.

Finally, before passing the images to the professional human annotators, we run the a model pretrained
to detect “not safe for work” (NSFW) content on the set of images from ([57]). After visually
inspecting the top 500 entries for both the ‘hentai’ and the ‘porn’ categories, and not finding any
positive results, we pass the data to the human annotators.

C.2 Human verification

In Fig. 5, we provide two screenshots of the verification instructions given to the annotators. We have
manually assessed the quality of these annotations using two independent samples of size 1000 each
and only found 15 false positives and 2 minor false negatives. We informed the annotation team of
our findings to further improve the quality. The important error type here are false negatives, as this
would mean humans or personal information remains undetected.

After human verification 2% of images are flagged and subsequently removed. The vast majority of
flagged images stem from the presence of car licence plates.

C.3 Removal of duplicates

We also conduct a basic removal of duplicates process using the Find Identical Images tool [26].
Using this we find and remove 2529 self-duplicates, 114 duplicates with MS COCO, and 9 duplicates
with ImageNet LSVRC-12. We further checked against duplicates with Places-205, but found none.

D Implementation Details

D.1 Representation learning experiments

MoCo-v2. We pretrain the MoCo-v2 models using its default settings for 200 epoch using the
publicly available repository (https://github.com/facebookresearch/moco). This includes
training using the cosine learning rate schedule, augmentations consisting of random resized crops,
colorjitter, random horizontal flipping and blurring with a batch-size of 256 and a learning rate of
0.03. On two RTX6000 GPUs this training requires around one week to complete.
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PASS-Dataset Labelling Task

 Images that contain offensive content such as nudity, blood, drugs (the dataset is
pre-filtered, so this should not happen)

Dataset Statistics
e 16MImages
e 2Classes: OK vs. Not-OK
e The dataset has been pre-filtered with various tools
o We expect 99% of the images to be OK

Examples of Not-OK images:
Images that contain people, or body parts (hands, faces, legs, etc):

When an image does not contain any of these things, itis “OK”.

A random selection of images (there are 2 Not-Ok images overall):

i 1 B TEpSN
el AL
wPiE e

Figure 5: Human verification instructions. We have blurred faces and other personally identifiable
information solely for in these screenshots. The professional annotators saw unblurred versions to
provide a clearer understanding of what images require flagging.

SwAV. We pretrain SWAV [12] using the fixed hyperparameters for 200 epoch pretraining
with a batch-size of 256 found at the publicly available repository (https://github.com/
facebookresearch/swav). For this we use 4 RTX6000 GPUs and this requires training for a
bit more than a week. SWAV’s augmentations include those of MoCo-v2 and in addition Multi-Crop,
in which in addition to the two 224-sized crops, six 96x96-sized crops are extracted and used for
computing the loss.

DINO. We pretrain DINO [13] using for 100 epochs with a batch-size of 256 using the publicly
available repository (https://github.com/facebookresearch/dino). Training augmentations
include those of SWAYV, including Multi-Crop, as well as solorization, introduced in [38]. Here, the
architecture trained is ViT-B [24] and training takes around 2 days on 8 GPUs.

Pretrained models. We utilise pretrained models for the MoCo-v2 models trained on Places
and ImageNet from the MoCo-v2 repository and from the repository of [95]. In addition we use
PyTorch’s publicly available models: a supervisedly pretrained ResNet50 model for benchmarking
and a pretrained MobileNet-v3 for generating the ~IN800 split.

D.2 Downstream tasks

Cluster evaluation. We conduct these experiments on the test sets of the datasets by resizing the
images to smaller-side 256pixels and taking a centered 224x224 crop. These images’ embeddings
after global average pooling are computed and input in k-means, implemented by the FAISS [49]
library. For k-means, we use 50 iterations and 5 restarts and set K to be equal to the number of
ground-truth classes. NMI, aRI calculations are computed by scikit-learn [69].

Linear probing. We exactly follow MoCo-v2’s implementation. For ease, we describe it here:
Training is done for 100 epochs on the global average pooled features of the encoders without the use
of an additional BatchNorm layer. The learning rate is dropped by a factor of 0.1 at epochs 60, 80
starting at a value of 30.0. The batchsize is 256, and we use a single GPU. The augmentations during
training consist of random horizontal flipping and RandomResizedCrops to size 224x224 with the
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Table 7: Differences between linear evaluation implementations.
Linear eval code Linear eval code
model SwAV  MoCo-v2 model

SwAV  MoCo-v2
SwAV 60.4 57.5 SwAV 72.7 69.2
MoCo-v2 47.0 59.1 MoCo-v2 58.2 67.7
(a) Pretraining on PASS. (b) Pretraining on IN-1k.

Table 8: SWAV linear probing performance. We report the linear evaluation performance of the SwWAV
pretrained model when using SWAV’s linear evaluation code.

Linear probing
SSL method IN-1k ObjN Plcs Flwrs HT19
SwAV 60.4 104 55.0 88.3 38.7

default parameters (crops of sizes (0.08, 1.0) of the original size and variations in aspect ratio of (3/4,
4/3)). For linear probing on the Vision Transformer [24], we use the 100 epoch linear evaluation code
of [13].

Data-efficient SVM classification. We exactly follow the publicly available implementation of
PCL [58] (https://github.com/salesforce/PCL). Here, an one-vs-all SVM is fit on the data
using a cost parameter ¢ = 0.5, which we keep at its default value. The features for the SVM are
obtained by smaller-side-resizing to 256 and taking a center crop of 224x224.

Finetuning. We follow the publicly available implementation of MoCo [44]. For the R50-C4
architecture used in the Pascal VOC experiments, this includes the use of an additional normalisation
layer and training for 24k steps. For FPN architectures (used for COCO detection, segmentation,
keypoint, densepose and LVIS segmentation) this includes the use of SyncBatchNorm and training
using the ‘1x’ schedule for which trains for 90K steps and has a learning rate warmup for the first
1000 steps from 0.02/100 and subsequent training with an initial learning rate of 0.02 being divided
by 10 at steps 60K and 80K. For the data-efficient keypoint detection we use the R50-FPN with
a fixed split containing 5% of the annotations of COCO2017’s train split, train for 9K steps and
evaluate on the full validation split. For the dense pose estimation on COCO [60] we use an R50-FPN
with chart-based embeddings [39] and the ‘s1x’ schedule, which decays the learning rate at steps
100K, 120K and trains for 130K steps in total. Training is done on the 2014 densepose training split
and the 2014 ‘valminusminival’ split, and performance tested on the 2014 ‘minival’ split. Note that
the default ‘1x’ schedule of LVIS includes 180K iterations, so in these terms our LVIS training can be
referred to as ‘0.5x’. Instead of a batch-size of 16 we use a batch-size of 8 on two GPUs and divide
the learning rates by half and the multiply the learning-rate schedules by two. We use the detectron2
library [87].

Following the MoCo-v2 implementation and experiments, we evaluate object detection and seg-
mentation on COCO [60] using a Mask-RCNN [43] with the RS0-FPN backbone [61] with the ‘1x’
schedule and object detection on Pascal VOCO07+12 [32] using a R50-C4 using 24k steps.

D.2.1 A note on evaluation hyperparameters

Finally, we note that comparing different self-supervised methods using linear evaluation is non-
trivial, as the optimal settings (learning rate and schedule) can depend on the encoder’s pretraining
method. As we show in Table 7, both MoCo-v2 and SwAV suffer strongly when instead of their
linear evaluation code, the other’s is used. For completeness, we report the linear probing numbers of
SwAV when their linear evaluation code is used in Table 8.

While outside of this work, frozen evaluation of methods which do not require further finetuning and
are close to deployment also include the clustering evaluation in the paper (which can be combined
with a Hungarian algorithm to yield label predictions), kNN evaluations (as done in e.g. [13]) and the
normalisation of feature statistics before training the linear layer, as in [52].
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D.2.2 Dataset details

For detection and segmentation in Table 3a we use COCO2017, which contains 80 labeled objects
with segmentation masks and boxes. The training set contains 118K images with 850K annotations,
and the validation set 5K images with 36K annotations.

For dense human pose estimation in Table 3b, COC0O2014 (a subset of COC02017) is used, which
contains masks of people and their bodies’ 3D surface on a mesh. The training and validation sets
contain 32K and 1.5K images with 99K and 25K persons instances, respectively.

For object detection in Table 9a we use the common Pascal VOC “07+12” split containing 20 object
categories. This split uses the VOC7’s test set (2.5K images and 15K annotations) for evaluation and
merges the two trainval sets for finetuning (16.5K images and 47K annotations).

For data-efficient keypoint detection in Table 9b, we generate a random, fixed split of COC0O2017,
resulting in 1K images with 2K annotations for training and the full test set of 5K images with 10K
annotations.

For detection and segmentation in Table 9c, we use LVIS-v1 [40], which contains 1203 labeled
objects with segmentation masks and boxes. The training set contains 100K images with 1.2M
annotations, and the validation set 5K images with 244K annotations.

For cross-domain transfer in Table 10, we use multiple smaller-scale datasets taken from the Visual
Task Adaptation Benchmark (VTAB) [93]: CLEVR-count [50] contains synthetic rendered images
of objects and the task is to count the number of objects via 8-way classification and contains 70K,
15K images for training and testing. Our construction of the dataset follows the code from the VISSL
repository [37]. DTD [19] contains 47 classes of different describable textures (e.g. ‘honeycombed’
or ‘sprinkled’), and we use the first train and test-split supplied in the paper, containing around 2K
images each. Both Eurosat [45] and Resisc45 [18] are remote sensing image classification datasets
with 10 and 45 classes respectively (e.g. ‘baseball diamond’, or ‘river’). They do not come with a
natural train/test split, so we create a fixed training split using 60% and 20% of the data, following
VTAB [93]. This yields around 21K and 25K images for training and 5K and 6K for testing, for
Eurosat and Resisc45, respectively.

E Additional Experimental Results

Table 9: Finetuning representation evaluations. a) PascalVOC07+12 detection and (b) human key-
point estimation and c) Object segmentation on LVIS. AP denotes COCO’s AP on IoUs [0.5:0.95:0.05].

Bounding-box

Init. APsy AP APs Init. AP AP®  APY
Random 52.5 28.1 26.2 Random 259 529 215
Supv. IN-1k  81.3 53.5 58.8 Supv. IN-1k 39.7 694 395
Supv. IN-1k" 80.9 53.5 58.8 MoCo-v2 on PASS 40.0 68.7 398
MoCo-v2

on NIk 823 56.8 63.1 (b) Human keypoint detection on 5% of COCO.

on IN-1k* 81.5 55.7 62.0

Init. AP AP, AP; AP
on Places 81.5 56.3 62.8
Supv. IN-1k 189 7.6 263 16.6

(a) Object detection on Pascal VOCO7+12

using Faster-RCNN, R50-C4, and 24K steps. MoCo-v2on PASS 166 41 249 142

(c) Object segmentation on LVIS-v1.

E.1 Object detection on PascalVOC

In Table 9a we report the performances of object detection using R50-C4 on Pascal VOC with 24k
steps (as in MoCo). As reported in previous works [44, 95], the self-supervised baselines outperform
supervised pretraining especially the more strict AP and AP75 measures. We find that pretraining on
PASS falls within 1% of the performance of pretraining on IN-1k without humans.
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E.2 Data-efficient keypoint detection on COCO

In Table 9b, we show the results of finetuning the encoders using a small sample of ground-truth
annotations from the COCO 2014 keypoint annoations. While using 100% of the data results in
almost no gains between pretrained and random initialisations (as shown in [44]), we see a large
difference when only 5% of the annotations are considered. We find that pretraining on PASS yields
the strongest keypoint detection results in terms of AP and AP75, surpassing even supervised IN-1k
pretraining.

E.3 Long-tailed instance segmentation on LVIS-v1

In Table 9c, we show the results of finetuning for object segmentation using Mask-RCNN with
R50-FPN on LVIS-v1 [40], which contains 1203 classes. We find that different to object detection on
COCO in Table 3a, the supervisedly trained baseline performs best with an overall AP of 18.9, and
the MoCo-v2 pretrained on PASS yielding an AP of 16.6, and large gap in the ‘rare’ categories, as
measured by AP;.

E.4 Cross-domain transfer

Table 10: Cross-domain transfer. Linear-probing Top-1 accuracies are reported for various datasets
whose domain is further from typical web-images.

Model Resisc45 Clevr-cnt  Eurosat DTD
sup. IN-1k 90.2 61.8 96.6 64.5
MoCo-v2 Places 91.0 70.4 93.5 62.9
MoCo-v2 IN-1k 90.7 72.6 96.5 66.7
MoCo-v2 PASS 914 73.1 954 66.8

In Table 10, we report cross-domain transfer results on the following datasets and tasks taken from
VTAB [93]: CLEVR-count [50] (object counting), DTD [19] (texture classification) and Eurosat [45]
(satellite image land-cover classification) Resisc45 [18] (remote sensing image classification). We use
the same linear-evaluation protocol as in the remainder of the paper, i.e. the settings from MoCo-v2,
without any hyperparameter tuning.

From Table 10 we find that MoCo-v2 trained on our PASS dataset does very well across those
datasets, surpassing both IN-1k supervised and MoCo-v2 on IN-1k for three out of four cases. This
shows that pretraining on PASS is a viable strategy even if the downstream task domain is very
different.
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F Dataset Documentation: Datasheets for Datasets

Here we answer the questions outlined in the datasheets for datasets paper by Gebru et al. [33].

F.1 Motivation

For what purpose was the dataset created? Neural networks pretrained on large image collec-
tions have been shown to transfer well to other visual tasks where there is little labelled data, i.e.
transferring a model works better than starting with a randomly initialized network every time for a
new task, as many visual features can be repurposed. This dataset has as its goal to provide a safer
large-scale dataset for such pretraining of visual features. In particular, this dataset does not contain
any humans or human parts and does not contain any labels. The first point is important, as the current
standard for pretraining, ImageNet and its face-blurred version only provide pseudo-anonymity and
furthermore do not provide correct licences to the creators. The second point is relevant as pretraining
is moving towards the self-supervised paradigm, where labels are not required. Yet most methods are
developed on the highly curated ImageNet dataset, yielding potentially non-generalizeable research.

Who created the dataset (e.g., which team, research group) and on behalf of which entity (e.g.,
company, institution, organization)? The dataset has been constructued by the research group
“Visual Geometry Group” at the University of Oxford at the Engineering Science Department.

Who funded the creation of the dataset? The dataset is created for research purposes at the VGG
research group. Individual researchers have been funded by AWS Machine Learning Research Awards
(MLRA), EPSRC Centre for Doctoral Training in Autonomous Intelligent Machines & Systems
[EP/L015897/1], the Qualcomm Innovation Fellowship, Innovate UK (project 71653) on behalf of
UK Research and Innovation (UKRI) and by the European Research Council (ERC) IDIU-638009.

F.2 Composition

What do the instances that comprise the dataset represent (e.g., documents, photos, people,
countries)? This dataset only contains photos. In addition we provide tabular meta-data for these
images, which contain information such as the creator’s username and image capture date.

How many instances are there in total (of each type, if appropriate)? The dataset contains
1.4M images, resulting in 181GB as a tar file.

Does the dataset contain all possible instances or is it a sample (not necessarily random) of in-
stances from a larger set? The dataset is a sample of a larger set—all possible digital photographs.
As outlined in Section 3 we start from an existing dataset, YFCC-100M, and stratify the images
(removing images with people and personal information, removing images with harmful content,
removing images with unsuitable licenses, each user contributes at most 80 images to the dataset).
This leaves 1.6M images, out of which we take a random sample of 1.28M images to replicate the
size of the ImageNet dataset. While this dataset can thus be extended, this is the set that we have
verified to not contain humans, human parts and disturbing content.

What data does each instance consist of? Digital photographs uploaded by users of the flickr
platform.

Is there a label or target associated with each instance? No. Our dataset deliberately does not
contain labels.

Is any information missing from individual instances? Not from the dataset. Note however that
the meta-data that we additionally provide is not complete and might have non-uniform missing
values.

Are relationships between individual instances made explicit (e.g., users’ movie ratings, social
network links)? Not applicable: each image stands on its own and we do not provide relationships
between these.

Are there recommended data splits (e.g., training, development/validation, testing)? As out-
lined in the intended usecases, this dataset is meant for pretraining representations. As such, the
models derived from training on this dataset need to be evaluated on different datasets, so called
down-stream tasks. Thus the recommended split is to use all samples for training.
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Are there any errors, sources of noise, or redundancies in the dataset? No.

Is the dataset self-contained, or does it link to or otherwise rely on external resources (e.g.,
websites, tweets, other datasets)? No. The dataset contains links to the publicly hosted mirror of
the YFCC dataset on Amazon Web Services.

Does the dataset contain data that might be considered confidential (e.g., data that is protected
by legal privilege or by doctor-patient confidentiality, data that includes the content of individ-
uals’ non-public communications)? No.

Does the dataset contain data that, if viewed directly, might be offensive, insulting, threatening,
or might otherwise cause anxiety? No. Besides checking for human presence in the images, the
annotators were also given the choice of flagging images for disturbing content, which once flagged
was removed.

Does the dataset relate to people? If not, you may skip the remaining questions in this section.
No.

Does the dataset identify any subpopulations (e.g., by age, gender)? NA

Is it possible to identify individuals (i.e., one or more natural persons), either directly or indi-
rectly (i.e., in combination with other data) from the dataset? NA

Does the dataset contain data that might be considered sensitive in any way (e.g., data that re-
veals racial or ethnic origins, sexual orientations, religious beliefs, political opinions or union
memberships, or locations; financial or health data; biometric or genetic data; forms of gov-
ernment identification, such as social security numbers; criminal history)? NA

F.3 Collection process

How was the data associated with each instance acquired? The data was collected from the
publicly available dataset YFCC-100M which is hosted on the AWS public datasets platform. We have
used the meta-data, namely the copyright information to filter only images with the CC-BY licence
and have downloaded these using the aws command line interface, allowing for quick and stable
downloading. In addition, all files were subsequently scanned for viruses using Sophos SAVScan
virus detection utility, v.5.74.0.

What mechanisms or procedures were used to collect the data (e.g., hardware apparatus or
sensor, manual human curation, software program, software API)? Our dataset is a subset
of the YFCC-100M dataset. The YFCC-100M dataset itself was created by effectively randomly
selecting publicly available images from flickr, resulting in approximately 98M images.

If the dataset is a sample from a larger set, what was the sampling strategy (e.g., deterministic,
probabilistic with specific sampling probabilities)? See the similar question in the Composition
section.

Who was involved in the data collection process (e.g., students, crowdworkers, contractors)
and how were they compensated (e.g., how much were crowdworkers paid)? As described,
the data was collected automatically by simply downloading images from a publicly hosted S3 bucket.
The human verification was done using a professional data annotation company that pays 150% of
the local minimum wage.

Over what timeframe was the data collected? The images underlying the dataset were down-
loaded between March and June 2021 from the AWS public datasets’ S3 bucket, following the
download code provided in the repo. However the images contained were originally and taken
anywhere from 2000 to 2015, with the majority being shot between 2010-2014.

Were any ethical review processes conducted (e.g., by an institutional review board)? No.

Does the dataset relate to people? If not, you may skip the remainder of the questions in this
section. No, this is one of the specific purposes of this dataset.
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F.4 Preprocessing/cleaning/labeling

Was any preprocessing/cleaning/labeling of the data done (e.g., discretization or bucketing,
tokenization, part-of-speech tagging, SIFT feature extraction, removal of instances, processing
of missing values)? After the download of approx. 17M images, the corrupted, or single-color
images were removed from the dataset prior to the generation of the dataset(s) used in the paper. The
images were not further preprocessed or edited.

Was the “raw” data saved in addition to the preprocessed/cleaned/labeled data (e.g., to support
unanticipated future uses)? Yes. The creators of the dataset maintain a copy of the 17M original
images with the CC-BY licence of YFCC100M that sits at the start of our dataset creation pipeline.

Is the software used to preprocess/clean/label the instances available? We have only used basic
Python primitives for this. For the annotations we have used VIA [27, 28]

F.5 Uses

Has the dataset been used for any tasks already? In the paper we show and benchmark the
intended use of this dataset as a pretraining dataset. For this the dataset is used an unlabelled image
collection on which visual features are learned and then transferred to downstream tasks. We show
that with this dataset it is possible to learn competitive visual features, without any humans in the
pretraining dataset and with complete license information.

Is there a repository that links to any or all papers or systems that use the dataset? We will
be listing these at the repository.

What (other) tasks could the dataset be used for? We believe this dataset might allow researchers
and practitioners to further evaluate the differences that pretraining datasets can have on the learned
features. Furthermore, since the meta-data is available for the images, it is possible to investigate the
effect of image resolution on self-supervised learning methods, a domain largely underresearched
thus far, as the current de-facto standard, ImageNet, only comes in one size.

Is there anything about the composition of the dataset or the way it was collected and prepro-
cessed/cleaned/labeled that might impact future uses? Given that this dataset is a subset of a
dataset that randomly samples images from flickr, the image distribution is biased towards European
and American creators. As in the main papers discussion, this can lead to non-generalizeable features,
or even biased features as the images taken in other countries might be more likely to further reflect
and propagate stereotypes [84], though in our case these do not refer to sterotypes about humans.

Are there tasks for which the dataset should not be used? This dataset is meant for research
purposes only. The dataset should also not be used for, e.g. connecting images and usernames, as
this might risk de-anonymising the dataset in the long term. The usernames are solely provided for
attribution.

F.6 Distribution

Will the dataset be distributed to third parties outside of the entity (e.g., company, institution,
organization) on behalf of which the dataset was created? No.

How will the dataset will be distributed (e.g., tarball on website, API, GitHub)? The dataset
will be provided as a csv along with code hosted on GitHub that allows the user to download the
images in our dataset. In addition, we hope to also host it as a single tarball on our servers.

When will the dataset be distributed? Starting from July 2021.

Will the dataset be distributed under a copyright or other intellectual property (IP) license,
and/or under applicable terms of use (ToU)? CC-BY.

Have any third parties imposed IP-based or other restrictions on the data associated with the
instances? No.

Do any export controls or other regulatory restrictions apply to the dataset or to individual
instances? Not that we are are of. Regular UK laws apply.
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F.7 Maintenance

Who is supporting/hosting/maintaining the dataset? The dataset is supported by the authors and
by the VGG research group. The main contact person is Yuki M. Asano. We host the dataset on
zenodo: https://zenodo.org/record/55628345.

How can the owner/curator/manager of the dataset be contacted (e.g., email address)? The au-
thors of this dataset can be reached at their e-mail addresses: {yuki,chrisr,vedaldi,az}@robots.ox.ac.uk.
In addition, we have added a contact form in which we can be contacted anonymously at
https://forms.gle/tkZugt2DInFdCE1i6.

Is there an erratum? If errors are found and erratum will be added to the website.

Will the dataset be updated (e.g., to correct labeling errors, add new instances, delete in-
stances)? Yes, updates will be communicated via the website. The dataset will be versioned.

If the dataset relates to people, are there applicable limits on the retention of the data associ-
ated with the instances (e.g., were individuals in question told that their data would be retained
for a fixed period of time and then deleted)? Not applicable.

Will older versions of the dataset continue to be supported/hosted/maintained? If even after
our verification we find further images that contain humans or problematic content, we will remove
those further images from existing splits to preserve the goal of this dataset.

If others want to extend/augment/build on/contribute to the dataset, is there a mechanism for
them to do so? Others are free to reach out to us if their ideas can build on this dataset. All code
will be made available.

F.8 Other questions

Is your dataset free of biases? No. There are many kinds of biases that can either be quantified,
e.g. geo-location (most images originate from the US and Europe) or camera-model (most images
are taken with professional DSLR cameras not easily affordable), there are likely many more biases
that this dataset does contain. The only thing that this dataset does not contain are humans and parts
of humans, as far as our validation procedure is accurate.

Can you guarantee compliance to GDPR? No, we cannot comment on legal issues.

F.9 Author statement of responsibility

The authors confirm all responsibility in case of violation of rights and confirm the licence associated
with the dataset and its images.
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