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Abstract

by Nadine Behrmann
for the degree of

Doctor rerum naturalium

Video understanding is an important computer vision task with a great variety of different
applications, such as autonomous driving, robotics and video surveillance. Much progress
has recently been made on video understanding tasks related to short trimmed videos, such
as recognizing human activities in videos. To a large extent, this progress can be attributed to
the existence of large-scale labelled datasets. However, labelling large-scale video datasets
quickly becomes prohibitively expensive, especially for tasks involving long-term video un-
derstanding of untrimmed videos, such as temporal action segmentation. Here, datasets are
still relatively small and methods rely on pretrained video representations. More gener-
ally, the way the data is represented has a significant impact on how easy or difficult a task
is to solve, and learning better video representations has the potential to greatly facilitate
many video understanding tasks. Although supervised learning is the most prevalent rep-
resentation learning approach, it is prone to miss relevant features, e.g. the current popular
large-scale datasets are inherently biased towards static features. To alleviate this shortcom-
ing, we explore different self-supervised video representation learning methods. This not
only allows us to put an explicit focus on temporal features, but also enables the use of the
vast amounts of unlabelled video data available online.

First, we investigate how unobserved past frames can be jointly incorporated with fu-
ture frames to pose a more challenging pretext task that encourages temporally structured
representations. To that end, we propose a bidirectional feature prediction task in a con-
trastive learning framework that not only requires the model to predict past and future video
features but also to distinguish between them via temporal hard negatives. Second, we
develop a general contrastive learning method to properly accommodate a set of positives
ranked based on the desired similarity to the query clip. As the content of videos changes
gradually over time, so should the representations; we achieve this by ranking video clips
based on their temporal distance. Third, we develop a method for learning stationary and
non-stationary features, motivated by the observation that a diverse set of downstream tasks
requires different kinds of features: Stationary features capture global, video-level attributes
such as the action class, while non-stationary features are beneficial for tasks that require
more fine-grained temporal features such as temporal action segmentation.

Finally, we propose a method for action segmentation that is built on top of pretrained
video representations. In contrast to previous works, which are based on framewise pre-
dictions, we view action segmentation from a sequence-to-sequence perspective — mapping
a sequence of video frames to a sequence of action segments — and design a Transformer-
based model that directly predicts the segments.

Keywords: video representation learning, self-supervised learning, action segmentation
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1.1 Motivation

Videos are becoming more and more prevalent in our day-to-day lives: We use them to share stories
and information online, cameras are widely integrated in modern machines, e.g. for driver assistance
or semi-autonomous driving in our cars, or to observe the surrounding environment of robots, and
video surveillance systems increase the security in public and private places and ensure quality con-
trol in manufacturing processes. With the steadily growing impact that video applications have on our
everyday lives, comprehensive video understanding is becoming an increasingly important computer
vision task and has seen increased interest both from industry and academia over the recent years.
Video understanding is an umbrella term that encompasses a very broad and general variety of dif-
ferent problems and typically requires video understanding systems to characterize a video through
high-level abstract concepts which allow us to answer questions like: What happens where and when
in the video? When does an action start and end? Which actors or objects are involved? What has
previously happened leading up to this point and what will happen next? How are the current events
affecting the surroundings and future events? This wide variety of different tasks requires a variety
of different models, each tailored to the specific task at hand. One common underlying question that
these systems share is how they can be trained efficiently. A standard approach to reduce both the re-
quired amount of labelled data as well as training time is to re-purpose large-scale pretrained models,
e.g. we can use pretrained weights as an initialization for our current model or we use the pretrained
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model as a general-purpose feature extractor and build new models on top of these features. In this
setting, we exploit the learned video representation of the pretrained model. Generally, the way video
content is provided to the models has a large impact on how easy or difficult a task is to solve, and a
better, more structured video representation can potentially benefit all of the above tasks.

Modern video representation learning methods are based on deep learning, which — in theory
— can solve many complex tasks arbitrarily well. It automatically discovers useful information and
relevant features of the input through a number of successive non-linear transformations and has been
found to work well for many practical applications as long as abundant data is available. Fortunately,
video data is widely available online; in fact, the amount of video content that is uploaded to the
Internet every day keeps growing year after year: Between 2014 and 2020 the number of uploaded
video content hours on YouTube grew by around 40%, reaching a staggering number of more than
500 hours every minute (statista, 2022). Many of the commonly used datasets, e.g. Kinetics (Kay
et al., 2017), are sourced from online video platforms such as YouTube. In contrast to static images,
videos provide an even richer source of information: They show how people and objects interact with
each other in the real world and the effect that such interactions have on the environment and future
events. These large quantities of video data enable the development of complex video understanding
models, leading to tremendous progress in this area. Large-scale models trained on hundreds of
thousands of hours of video data already accomplish outstanding breakthroughs on tasks involving
short pre-segmented human-centric videos, such as action recognition.

However, these models are trained in a supervised fashion, which comes with several major
drawbacks: First, labelling large quantities of video data is extremely expensive, posing a major
bottleneck for scaling up models and datasets or when tackling new tasks. Second, supervised pre-
trained models tend to capture video features that are useful for the task they are trained on and do
not necessarily transfer well to tasks that require different features. Both problems can be addressed
with self-supervised learning. In contrast to supervised learning, which relies on labels to provide a
learning signal, self-supervised learning derives a learning signal from the unlabelled data itself. This
not only reduces the need for labelled training data drastically, but also allows us to design tasks to
target specific features or to encourage the model to explore the structure of the data more thoroughly.
For these reasons, self-supervised learning has gained a lot of popularity in many research areas, and
achieved major breakthroughs, e.g. in natural language processing (Devlin et al., 2019; Brown et al.,
2020) and image representation learning (Chen et al., 2020b; He et al., 2020; Radford et al., 2021).
In this thesis, we develop several methods to improve self-supervised video representation learning.

While video representation learning addresses the task of extracting high quality features from
short clips, videos in the real world usually occur in untrimmed streams of data with several actions
happening at various times or (partially) in parallel, potentially separated by irrelevant frames where
nothing happens, and related to each other through sophisticated long-range temporal dependencies.
Furthermore, with similar background and objects involved in the scene different actions within the
same video tend to share many visual cues and are often distinguishable only via subtle variations
and motion cues. To make matters worse, the sheer lengths of such untrimmed videos render them
impractical for end-to-end training of deep models and instead we need to rely on pre-extracted
feature descriptors, i.e. video representations, which are trained on short trimmed videos. For these
reasons, long-term video understanding remains challenging to this day. Therefore, in this thesis we
focus on improving general video representations to get more descriptive video features on the one
hand, and developing a method for the long-term video understanding task of action segmentation on
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the other.

1.2 Challenges

Increasingly complex video understanding models and tasks intensify the need for large-scale
datasets for training. However, the standard approach with fully supervised learning on labelled
datasets does not scale well and poses a major bottleneck. Tasks involving long untrimmed videos
further amplify this problem. But even when large quantities of labelled data are available, trans-
ferability of the learned representations to different tasks and datasets can not be taken for granted:
Supervised representations tend to focus more on features that are beneficial for the task they were
trained on and are at risk of ignoring other features that are irrelevant for the task. These features can
however be crucial for different tasks.

1.2.1 Supervision

The huge quantities of video data that are available on the Internet enable the training of very deep
video models. The standard approach to train these models is based on supervised learning and
requires labelled data. However, due to the temporal nature of videos the labelling effort is even
more expensive than that of images — especially if fine-granular temporal annotations are required
— posing a major bottleneck for large-scale labelled datasets. This is further complicated as the
provided labels control which types of features the model learns. For example, the commonly used
large-scale video datasets consist of a collection of pre-segmented video clips from YouTube, which
typically show human actions, and are annotated with coarse-grained action labels. As a result, the
model is biased towards static features (Li et al., 2018), e.g. the background, which in many cases is
sufficient to discriminate between action classes. In fact, previous work has found that in many cases
a single to few frames are sufficient for action recognition (Schindler and van Gool, 2008; Wang
et al., 2019b), with diminishing return when adding more and more frames. Consequently, features
learned in a supervised setting can not be expected to transfer well to other tasks that require temporal
features.

One obvious way to address this issue is to annotate videos carefully, i.e. the labels explicitly
reflect temporal information (Goyal et al., 2017) or action classes are annotated in a fine-grained
manner (Shao et al., 2020; Li et al., 2018). While such high quality annotations greatly facilitate
video understanding, they are much more expensive to obtain and may still bear the risk of neglect-
ing important video features that are not reflected in the labels. Consequently, this would require to
re-iterate this process whenever tackling new tasks that rely on different features. However, collect-
ing, refining and labelling new large-scale datasets every time does not scale and would hinder the
scientific progress in these fields. A more promising and feasible approach is the development of
unsupervised and weakly supervised methods. These methods aim to leverage large quantities of un-
labelled data alone or in conjunction with few labelled samples and derive a learning signal that is not
based on labels alone. A major advantage of these methods is not only that they circumvent the ex-
pensive labelling process, but also provide a convenient tool to learn the distribution of the data more
thoroughly and not only through input-output relationships. For these reasons label-efficient meth-
ods have become a very popular research area over the recent years and is now one of the subjects
with the most published papers at the top tier Computer Vision conferences (/CCV, 2021). While
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unsupervised learning in its generic form can be applied to almost any domain, in this work we are
interested in how to leverage unsupervised learning for general video representation learning.

Research Question 1 How can we improve video representations without the need for large-
scale labelled datasets, which accurately capture the contents of videos and enable a large set
of downstream tasks?

As mentioned above, the short answer to this question seems to be unsupervised video representation
learning. In this thesis, we are interested in a specific sub-category, namely, self-supervised video
representation learning. Self-supervised learning exploits the merits of supervised learning by con-
structing a pretext task, which does not require any labels and can be trained end-to-end analogously
to supervised learning. Current state-of-the-art self-supervised learning methods are based on con-
trastive learning. While this provides a more scalable approach than supervised learning, contrastive
learning was originally designed to learn representation of still images; how to properly adapt it to
videos is an open research question to this day.

1.2.2 Temporal Features in Videos

Technically, videos are just sequences of frames, so why can we not simply apply a learned image
encoder to each frame independently? In fact, early approaches that apply deep learning on videos
were build on images encoders (Karpathy et al., 2014). However, the key difference between im-
ages and videos is the temporal dimension: We can observe how actors and objects move and the
continuous transformations and deformations that they go through over time. Processing frames in-
dividually looses such low-level motion cues. But the problem extends beyond just low-level motion:
Many video frames show very visually similar scenes that differ from each other only through small
variations that occur over time. Such small variations are especially difficult to extract, but can be
crucial for some video understanding tasks. For example, consider fine-grained action classification
of gymnastics videos (Shao et al., 2020): two different gymnastics figures flic-flac and salto back-
ward share similar movements — both start with jumping backwards head first, followed by the body
turning around in the air and then landing on the feet — and can only be distinguished by subtle dif-
ferences between them (hands touch the ground in flic-flac but not in salto). Another example can be
found in temporal action segmentation: The different steps in preparing a sandwich may look very
similar, with the same background and objects in the scene and in order to accurately segment the
preparation steps we need to rely on the small variations between “smearing butter” and “smearing
jam” or “putting cheese on bread” and “putting cucumber on bread”.

As argued above learning fine-grained temporal features in a supervised setting is challenging and
opting for unsupervised learning is favorable; however, learning temporal features in a contrastive
learning framework can not be taken for granted either. The vanilla contrastive learning methods
were initially developed for still images; it is based on pairs of similar and dissimilar images, called
positive and negative pairs, respectively. The positive pair can for example consist of two different
augmentations of the same image, while negative pairs are formed with different images. Contrastive
learning then trains the model to embed the positive pair close in feature space and simultaneously
pushes negative pairs apart. Although this approach can be directly extended to videos, it lacks an
explicit focus on temporal features and is still an active research area today. Specifically, it raises the
question how we can construct comprehensive positive and negative pairs of video clips to instruct the
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model to represent motion cues, small temporal variations, etc. A naive solution simply incorporates
temporal augmentations to make positives; however, this biases representations towards temporally
invariant features. In fact, it has been found that this can reduce performance in practice (Bai et al.,
2020), demanding more advanced solutions, which we will investigate in this thesis.

Research Question 2 How can we instruct video representation models to capture the tempo-
ral structure in videos more accurately? Specifically, how can we better emphasize temporal
features in a contrastive learning framework?

1.2.3 High-Level Temporal Reasoning

Representing temporal variations is especially important for tasks such as temporal action segmenta-
tion, which aims to partition a given untrimmed video into the different action instances that occur,
assuming each frame belongs to exactly one action. Since background, actor and objects often remain
the same throughout the video, the different actions are only distinguishable via small temporal vari-
ations. As such, a general purpose video feature extractor that accurately represents such variations
can greatly benefit the action segmentation task. This is especially relevant as end-to-end training
on the untrimmed videos is too computationally demanding and current action segmentation models
rely on pretrained video representations. However, action segmentation goes beyond video represen-
tations and requires reasoning at different levels. While the first challenges discussed above evolve
around video representations, i.e. the “early” levels, other challenges arise when dealing with more
complex high-level temporal reasoning that is required for temporal action segmentation. Current
state-of-the-art methods treat temporal action segmentation as a framewise classification problem:
They predict a single action class for each frame, which define the segmentation over the entire video
sequence. One problem with such approaches is that they are sensitive to misclassification errors.
While it may seem like having only a few misclassified frames out of thousands is an acceptable rate,
they can in fact have a big influence: even few frames can split up an otherwise continuous segment
into several chunks, which will then be regarded as several separate actions happening at different
times. This phenomenon, which is referred to as over-segmentation, can lead to over-counting of
actions within a single video and incorrect durations of segments. The current methods try to address
this issue from different angles, e.g. by employing a smoothing loss on the framewise outputs, or
using refinement modules and post-processing algorithms. Ultimately, we are not interested in the
classification of individual frames, but rather in the higher-level description telling us which actions
happen in the video and when they start and end, raising the question whether framewise predictions
are the optimal approach for action segmentation. Although, framewise predictions can be easily
transformed to match this format, allowing the model to directly output predictions in the higher-
level description space is favorable. By directly predicting the segmentation at a segment-level, such
models naturally prevent over-segmentation errors inherent to frame-level predictions. Therefore,
our final research question investigates methods that directly map to this higher-level representation
of segmentations.

Research Question 3 Can we develop models for temporal action segmentation which directly
map from long untrimmed input sequences to the high-level output space that represents video
segmentations at a segment-level rather than frame-level?
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Figure 1.1: Overview of the Contributions. Video Understanding requires reasoning at different
levels: Our methods in Chapters 4, 5 and 6 aim to extract high quality video representations from the
raw input frames, while Chapter 7 introduces a method for temporal action segmentation, a higher-
level reasoning task. The former involves learning a video representation model f that extracts video
features from short clips; the latter aims to train an action segmentation model m to temporally
segment long untrimmed videos and operates on top of the features extracted by f.

1.3 Contributions

Our first challenge in Research Question 1 evolves around the issue with large-scale labelled datasets:
Not only is the labelling process of large quantities of video data extremely expensive, but it also
does not guarantee that the supervised trained model learns the desired video features. To address
this issue, we introduce several self-supervised methods for video representation learning that do not
require any labelled data. While there has been tremendous progress in self-supervised image repre-
sentation learning in recent years — specifically via contrastive learning approaches — self-supervised
video representation learning still lags behind, although the additional temporal dimension of video
provides even more opportunities for pretext tasks. To address Research Question 1 — how to learn
video representations without labelled data — we propose three methods to advance contrastive video
representation learning, see Section 1.3.1. Namely, we design methods to better capture temporal
features in videos, Research Question 2: First, we exploit unobserved past frames together with
future frames for more temporally structured representations, Section 1.3.2. Second, we design a
contrastive ranking method to incorporate fine-grained similarities in contrastive learning to better
reflect the gradually changing video content, Section 1.3.3. Third, we decompose the representa-
tion space into stationary and non-stationary features via contrastive learning, Section 1.3.4. While
the first two research questions are concerned with how to learn accurate video representations effi-
ciently, Research Question 3 turns to a higher-level reasoning task: Temporal action segmentation.
While current approaches are still based on frame-level classification, we aim to predict the segments
directly, Section 1.3.5.
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1.3.1 Advancing Contrastive Video Representation Learning

In recent years contrastive learning has advanced the state-of-the-art in self-supervised representa-
tion learning in the image domain. The learning signal that is provided to the model, consists of
positive and negative pairs — typically a single positive pair, which is contrasted with a large amount
of negative pairs. The model learns a representation, where positive pairs are embedded close to each
other and negative pairs are pushed apart. While positive and negative pairs can be constructed using
label information — e.g. images of the same class are positives, whereas images of different classes
are negatives (Khosla et al., 2020) — contrastive learning is most widely adopted in self-supervised
approaches, where pairs are formed without labels: For example applying various augmentations to
an image will retain the semantic information; consequently two different augmentations of the same
image show the same semantic content in two different views. Although the same concept can be
applied to video clips, it neglects the temporal dimension — which provides even more opportunities
to construct pairs of clips. A straight-forward approach to extend contrastive learning may seem to
simply incorporate temporal augmentations — e.g. random frame rate or time reversal keep the se-
mantics of a video intact for the most part — into the construction of positive pairs. However, this
approach renders the learned representation invariant to such temporal augmentation — the model
may no longer capture the speed or direction of movements accurately. Instead we propose to ex-
ploit the temporal dimension of videos to construct particularly difficult pairs of clips, that force the
model to focus on the temporal structure of videos. Our method in Chapter 4 incorporates a set of
temporal hard negatives to encourage temporally structures representations, see Section 1.3.2, while
our method in Chapter 6 constructs positive pairs to learn stationary and non-stationary features, see
Section 1.3.4. The advantages to this approach are two fold: First, since we can design pairs without
the need for label information, it allows us to learn video representations in an unsupervised manner
and serves Research Question 1 well. Second, it enables us to put explicit focus on temporal features
in videos and satisfies Research Question 2. In the following Sections 1.3.2, 1.3.3 and 1.3.4, we
discuss the proposed methods in more detail.

1.3.2 Unobserved Past for Temporally Structured Representations

The temporal dimension of videos naturally provide abundant opportunities for constructing chal-
lenging pretext tasks. A popular line of research leverages future frames as a supervision signal.
Essentially, the idea is that in order to predict what is going to happen in subsequent frames, the
model has to reason about a set of present frames in a meaningful way. Future prediction has been
explored extensively in the literature with prediction models ranging over various levels: From low-
level sensory input where models aim to predict the RGB pixel values of future frames to high-level
prediction in feature space, i.e. predicting the future in terms of abstract concepts. This unidirec-
tional form of prediction misses out on a second complementary set of frames: the unobserved past.
In Chapter 4, we propose to incorporate past frames jointly with future frames to form a more chal-
lenging self-supervised task. We argue that the model should not only be able to predict what has
happened previously (past prediction) and what is going to happen next (future prediction), but also
be able to distinguish between past and future. To that end, we predict past and future jointly in a
contrastive learning framework and incorporate the reversed order of future and past as a hard tem-
poral negative to encourage temporally structured representations, addressing Research Question 2.
Parts of the chapter have been published in (Behrmann et al., 2021b).
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1.3.3 Fine-grained Similarities for Contrastive Learning

Traditional contrastive learning assumes a binary set of pairs, divided into positives and negatives. In
reality, this distinction might not always be possible and current approaches do not allow for samples
that are in a gray area. For example, semantically similar classes share visual attributes (Deselaers
and Ferrari, 2011), such as different dog breeds. Treating them as positives makes the model in-
variant towards the distinct features of the samples; treating them as negatives hinders the model to
exploit their similarities. Another example can be found in contrastive video representation learn-
ing: In addition to spatial crops, which are widely used as image augmentations, videos allow to
create temporal crops, i.e. creating a sample from different frames of the same video. To date, it is
an open research question whether temporally different clips of the same video should be treated as
positives (Feichtenhofer et al., 2021) or negatives (Dave et al., 2022). Treating them as positives will
force the model to be invariant towards the changes over time, but treating them as negatives will
encourage the model to ignore the features that remain constant. To address this issue, we propose
a method in Chapter 5 that benefits from a fine-grained definition of negatives, positives and various
states in between. Key to this is a new contrastive loss, which enforces gradually decreasing similar-
ity with increasing rank of the samples. We apply this method to the video representation learning
task and rank temporally closer clips higher than temporally far ones. This encourages the model to
reflect the gradually changing nature of video features in the feature space. Parts of this chapter have
been published in (Hoffimann et al., 2022).

1.3.4 Stationary and Non-stationary Features

The above methods are designed to learn a single video representation, although there are different
types of features in videos — some that remain the same over time and some that vary. We call these
features stationary and non-stationary, respectively. An ideal representation should benefit many dif-
ferent downstream tasks and while some tasks profit more from stationary features, others rely more
on non-stationary ones. Stationary features, which remain similar throughout the video, enable the
prediction of global, video-level action classes. Non-stationary features on the other hand are more
beneficial for downstream tasks that require a more fine-grained temporal understanding, e.g. action
segmentation. We argue that a single representation to capture both types of features is sub-optimal;
in Chapter 6, we propose to decompose the representation space via contrastive learning from long
and short views, i.e. longer video sequences and their shorter sub-sequences. Stationary features,
which remain the same over time, are shared between the long and short views; non-stationary fea-
tures on the other hand aggregate over time, so the long view should capture an aggregated form
of short view features. We construct the positive pairs accordingly: the stationary features of the
long view and a single short view form a positive pair used in a stationary contrastive loss; in a non-
stationary contrastive loss we use an aggregated form of the short view non-stationary features paired
with the non-stationary features of the long view. This enables the model to learn these two comple-
mentary types of features in videos without the need for labels and enhances the representation for
different downstream tasks and addresses both Research Question 1 and 2. Parts of this chapter have
been published in (Behrmann et al., 2021a).
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1.3.5 Temporal Action Segmentation via Sequence-to-Sequence Translation

A good video representation forms the basis for many higher-level video understanding tasks, such
as temporal action segmentation. As a final contribution, we propose a method for temporal action
segmentation in Chapter 7, which can be applied in the fully supervised and timestamp supervised
setting. In contrast to current state-of-the-art frame-level prediction methods, we view action segmen-
tation from a sequence-to-sequence translation perspective, i.e. mapping a sequence of video frames
to a sequence of higher-level action segments, addressing Research Question 3. Our proposed method
involves a series of modifications and auxiliary loss functions on the standard Transformer (Vaswani
et al., 2017) model to cope with the strong mismatch between long input sequences opposed to short
output sequences and relatively few videos to learn from. We incorporate an auxiliary supervision
signal for the encoder via a frame-wise loss and propose a separate alignment decoder for an implicit
duration prediction. Parts of this chapter have been published in (Behrmann et al., 2022).

1.4 Publications

Parts of this thesis are based on the following publications:

* Unsupervised Video Representation Learning by Bidirectional Feature Prediction
Nadine Behrmann, Juergen Gall, and Mehdi Noroozi
IEEE Winter Conference on Applications of Computer Vision (WACV), 2021.

* Long Short View Feature Decomposition via Contrastive Video Representation Learning
Nadine Behrmann, Mohsen Fayyaz, Juergen Gall, and Mehdi Noroozi
IEEE International Conference on Computer Vision (ICCV), 2021.

¢ Ranking Info Noise Contrastive Estimation: Boosting Contrastive Learning via Ranked
Positives
David Hoffmann*, Nadine Behrmann*, Juergen Gall, Thomas Brox, and Mehdi Noroozi
The AAAI Conference on Artificial Intelligence (AAAI), 2022.
doi: 10.1609/aaai.v36i1.19972.

* Unified Fully and Timestamp Supervised Temporal Action Segmentation via Sequence to
Sequence Translation
Nadine Behrmann*, S. Alireza Golestaneh*, Zico Kolter, Juergen Gall, and Mehdi Noroozi
European Conference on Computer Vision (ECCV), 2022.
doi: 10.1007/978-3-031-19833-5_4.

(* denotes equal contribution)

1.5 Structure

In this thesis, we develop new methods for self-supervised video representation learning, specifically
using contrastive learning; we investigate the role of hard temporal negatives as well as hard pos-
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itives for contrastive video representation learning and develop a method for samples in-between.
While these methods improve the overall representation of video models, our last contribution in-
volves a more high-level temporal modelling task, namely, we develop a method for temporal action
segmentation. The thesis is organized as follows.

In Chapter 2, we discuss literature related to this thesis, starting from self-supervised video
representation learning — and contrastive learning in particular — moving to recent works on temporal
action segmentation.

In Chapter 3, we define the video representation learning task formally and introduce the neces-
sary tools used throughout the thesis.

In Chapter 4, we propose a method for contrastive video representation learning based on bidi-
rectional feature prediction with temporal hard negatives. While future prediction constitutes an es-
tablished and popular direction for self-supervision, the unobserved past has been largely overlooked.
We argue that past clips provide an equally valuable source of supervision and demonstrate how both
future and past can be jointly incorporated into a comprehensively challenging task — which not only
requires the model to predict past and future, but also to distinguish between them via a temporal
hard negative constructed from the inverse order of future and past.

Positive and negative pairs play a vital role in contrastive learning; however, due to its binary
nature it leaves samples that lie in-between — samples, which can be neither identified as positive nor
negative — unaddressed. In Chapter 5, we develop a method for such cases, allowing a ranked set
of positives, which is mirrored in the representation space. Our method not only allows for, but also
benefits from such gray-area-samples; we demonstrate the effectiveness of our approach on video
representation learning, where positives are ranked based on their temporal distance.

In Chapter 6, we identify two different types of features in videos: stationary and non-stationary
features, which are beneficial for different types of downstream tasks. We propose to decompose the
representation space into stationary and non-stationary features via contrastive learning from long
and short views, i.e. long video sequences and their shorter sub-sequences. Stationary features are
shared between the short and long views, while non-stationary features aggregate the short views to
match the corresponding long view; we construct the positive pairs accordingly.

In Chapter 7, we propose a model for temporal action segmentation. In contrast to the cur-
rent state-of-the-art frame-wise prediction models, our method aims to predict the segments directly.
Taking a sequence-to-sequence perspective — mapping a sequence of video frames to a sequence
of action segments — we propose a Transformer (Vaswani et al., 2017) based model. The strong
mismatch between input sequence lengths and output sequence lengths — many highly similar input
frames opposed to only few output segments — makes this task challenging for a vanilla Transformer
model and calls for several modifications and auxiliary losses: To provide more direct feedback to the
encoder we apply a frame-wise classification loss on top of the encoder features, and since predicting
the durations of segments explicitly remains challenging, we propose an implicit form of duration
prediction via our proposed alignment decoder.

Finally, Chapter 8 concludes the thesis with a discussion of the addressed challenges in con-
trastive video representation learning and temporal action segmentation, and an outlook on future
research.



CHAPTER 2

Related Work

In this chapter, we discuss the most related literature to this thesis. Comprehensive video under-
standing requires reasoning at different levels: On the one hand, it requires understanding of the
raw input frames. This typically involves extracting high quality features, i.e. video representations,
of short clips within the video that accurately capture the content of the frames, such as low-level
appearance and motion cues, objects and scenes. On the other hand, it requires long-term temporal
reasoning as videos can potentially span over long time horizons. In this thesis, we consider the task
of temporal action segmentation of long untrimmed videos. In the following, we will review previous
approaches in both categories, i.e. video representation learning and temporal action segmentation.
As the commonly used architectures for video representation learning were initially designed for
action recognition, we will also give a brief overview of action recognition models as well as the
datasets used throughout the thesis.
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2.1 Video Representation Learning

Video representation learning lies at the core of comprehensive video understanding. An ideal
representation extracts useful information that benefits numerous downstream tasks such as action
recognition, video retrieval, temporal action segmentation or detection and many more. While early
approaches represent videos via hand-crafted features, e.g. improved dense trajectory (IDT) fea-
tures (Wang and Schmid, 2013), modern methods extract features using a learned video model, e.g. a
convolutional neural network (CNN) such as I3D (Carreira and Zisserman, 2017), 3D-ResNet (Hara
et al., 2018), or SlowFast (Feichtenhofer et al., 2019). Most commonly, such models are pretrained
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in a supervised setting, which typically requires large-scale labelled datasets, such as Kinetics (Kay
et al., 2017). However, there are several major drawbacks with this approach: First, it requires huge
amounts of labelled data, which are expensive to obtain. And second, even when large quantities of
labelled data are available, an ideal representation can not be taken for granted: the learned repre-
sentations will tend to capture the features, which are useful for the dataset the model was trained
on — and many of the datasets available are inherently biased towards static features (Li et al., 2018).
This is especially problematic for more complex downstream tasks (such as temporal action segmen-
tation), which require temporal attributes of videos. One way to address this issue is to provide more
informative labels, i.e. very fine-grained labels that force the model to explore the temporal dynamics
of videos, e.g. FineGym (Shao et al., 2020), or explicitly labelled temporal movements such as the
Something-Something dataset (Goyal et al., 2017). Another way is through self-supervised represen-
tation learning, which does not require any labelled data and instead derives a supervision signal from
the data itself. This approach has a major advantage: Rather than collecting and labelling huge and
extremely expensive datasets to learn new types of features that were omitted with previous datasets,
we can construct a self-supervised task that forces the model to explore that structure of the data more
thoroughly and extract the desired features. For these reasons, self-supervised learning has recently
seen increased interest by the community and tremendous progress has been achieved. We broadly
categorize current methods into two groups: pretext task based methods and contrastive methods. We
will review a selection of methods from these two categories. For a more comprehensive overview
we refer to (Jing and Tian, 2020).

2.1.1 Pretext Tasks for Self-Supervised Video Representation Learning

Extending Image-Level Pretext Tasks to Videos. One straightforward option is to repurpose
image-level pretext tasks, which have proven to be very effective for representation learning, and
extend them to videos. For example, Jing and Tian (2018) apply the rotation task proposed in (Gi-
daris et al., 2018) to videos; namely, they rotate video clips by 0°, 90°, 180°, or 270° and then ask
the model to predict which rotation was applied. Kim et al. (2019), on the other hand, construct a
space-time cubic puzzle, analogous to the jigsaw puzzle task (Noroozi and Favaro, 2016) for images,
and train a model to predict which permutation was applied to the sequence of 3D spatio-temporal
crops. While these works demonstrate that image-level pretext tasks can be successfully used to learn
video representations, the temporal structure in videos provides further opportunities for a more com-
prehensive set of pretext tasks.

Temporal Pretext Tasks. Early works derive a supervision signal from the order of frames. Misra
et al. (2016) pose a temporal order verification task: They shuffle a set of video frames and then
train a model to verify whether the frames are ordered correctly or not. Similarly, Lee et al. (2017)
shuffle a set of frames and predict their order. On the other hand, Xu et al. (2019) propose to shuffle
a set of video clips rather than frames to maintain the video dynamics of the input to a 3D CNN.
Fernando et al. (2017) propose Odd-One-Out Networks: They ask the model to predict the odd video
sequence, i.e. a video sequence with wrong temporal order of video frames, from a set of otherwise
intact video sequences (which maintain the correct temporal order). Wei et al. (2018) construct a
pretext task from the arrow of time, i.e. they ask the model to recognize whether a video is playing
forwards or backwards in time. This is a particularly challenging task as low-level motion patterns
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are often reversible in time, e.g. moving left to right vs. moving right to left, and requires higher-level
reasoning, such as water flows downward and people typically walk forwards rather then backwards,
to determine the direction of time.

Other methods exploit ego-motion (Jayaraman and Grauman, 2015; Agrawal et al., 2015):
Namely, Jayaraman and Grauman (2015) enforce equivariance of the learned features tied to ego-
motion, ie. the distinct transformations that are induced by ego-motion should be mirrored in the
feature space, whereas Agrawal et al. (2015) learn to predict the ego-motion information given the
input frames.

Temporal coherence in videos provides further opportunities to construct pretext tasks; essen-
tially, (spatio-)temporal coherence describes the fact that video content varies smoothly over time
(and space). Wiskott and Sejnowski (2002) propose slow feature analysis to extract slowly varying
features by minimizing the temporal gradient of the representation. Wang and Gupta (2015) observe
that two patches of frames that are connected via a track should have similar visual representations
and use an unsupervised tracking algorithm to obtain such patches. They train a Siamese triplet
network using a ranking loss, where the distance between the original and tracked patch should be
smaller than the distance to a random patch. Isola et al. (2016) learn a model to predict the spa-
tial or temporal proximity in images and video frames, respectively. They then cluster the predicted
co-occurrences to obtain groupings of visual primitives and discover that these groupings inherit se-
mantics such as a group of patches corresponds to an object and a group of frames comprises a movie
scene. While most methods consider temporal coherence in the first-order derivative, i.e. temporally
close frames should exhibit only small changes changing slowly over time, Jayaraman and Grauman
(2016) generalize this notion to higher-order derivatives to encourage steadiness, i.e. feature changes
are smooth over time. Lai and Xie (2019) propose a reconstruction based task, where the model is
asked to reconstruct a target frame by pointing to the corresponding pixels from a reference frame.
The learned pixel-wise correspondence can for example be applied to video object segmentation and
keypoint tracking. Vondrick et al. (2018) show that the temporal coherency of color enables the
learning of a tracking algorithm, whereas Wang et al. (2019¢c) use the cycle-consistency of time to
learn correspondence. Luo et al. (2020) create a video cloze procedure inspired by the reading com-
prehension test, where participants are asked to fill in blank spaces in a text given a list of words to
choose from. Similarly, Luo et al. (2020) blank out video clips and then create options from the held
out clips by applying spatio-temporal transformations. Given the surrounding temporal context, the
model then has to pick out the correct option from those clips.

Another line of work is based on the speed of videos: Essentially, the underlying assumption is
that in order to detect or predict the synthetically altered frame rate the model needs to learn high
quality motion features and semantics. For example, speeding up a video of a person walking will
not look like the person is running, although they are moving across the frame at the same pace;
analogously, slowing down a running video will not turn into a walking video. Thus, the model
needs to learn distinct motion features to discriminate between a sped up walking video and a slowed
down running video. Furthermore, as argued in (Epstein et al., 2020), predicting video speed requires
the model to take at least several frames of the video into account as a single frame is not sufficient
to predict speed, and learn features that correlate with the expected duration of actions. Benaim et al.
(2020) train a binary classifier to distinguish between videos at normal speed and videos that are
sped up (2x). They show how the learned model can be used to adaptively speed up test videos:
as long as the model does not recognize the video segment as “sped up” they keep speeding it up
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further. Epstein et al. (2020) on the other hand ask the model to discriminate between four different
frame rates and demonstrate the effectiveness of their approach for recognizing unintentional actions.
Wang et al. (2020b) combine the pace prediction task with a contrastive loss, where two clips of the
same video with different pace are used as positive pair, while Yao et al. (2020) combine the speed
prediction task with a reconstruction decoder that reconstructs the original video clip given the feature
of the temporally downsampled version. Jenni et al. (2020) incorporate speed prediction as one
component in a more general temporal transformation prediction task, which additionally includes
random permutation of frames, a periodic arrangement of forwards and backwards direction, and a
warping transformation that leaves a random number of frames between every pair of selected ones.

Future Prediction. Another important category of self-supervised learning methods involves di-
viding the data into two partitions, and training a convolutional neural network (CNN) that predicts
one part given the other. The key ingredients for these approaches are the design of a partitioning
paradigm and the definition of a loss function to quantify the prediction. For instance, the task of
image colorization (Zhang et al., 2016; Larsson et al., 2016) proposes to divide the input image into
Lab channels and train a model that predicts ab channels given L channel. In the video domain,
partitioning in temporal direction has been intensively explored (Lotter et al., 2017; Mathieu et al.,
2016; Srivastava et al., 2015; Vondrick et al., 2016b).

One specifically popular partitioning paradigm — inspired by the predictive coding theory in neu-
roscience — takes the form of future prediction. Here, the underlying idea is that in order to predict
what will happen in the future, the model needs to develop an internal representation of the cur-
rent state of the world, how entities behave over time and what types of transformations object can
undergo (Lotter et al., 2017). A straight forward approach to quantify prediction is based on raw
data, where the target distribution is fixed as true data distribution. A naive approach includes re-
construction losses, which are based on strong assumptions and consequently do not achieve decent
results. For instance, {5 assumes the data follows a Gaussian distribution while cross-entropy pro-
vides a discrete approximation of the data distribution. To eliminate these limitations, an adversarial
loss has been employed in (Pathak et al., 2016; Mathieu et al., 2016). However, the supervision
signals arising from true data distributions suffer from ambiguity, e.g. in the form of noise or uncer-
tainty, and require the network to devote substantial capacity to model a data distribution, which is
not necessarily the optimal solution for representation learning. Addressing this problem, Vondrick
et al. (2016a) suggest to predict the representation of future frames instead of pixel values, and use a
mixture model to handle the multi-modal distribution of future representations. Recently, predicting
features of the future video blocks in a contrastive fashion has gotten great attention (Han et al.,
2019, 2020b), achieving remarkably better performance. The idea is to perform prediction in a learn-
able transformation of raw data trained jointly with the prediction quantification. More specifically,
Han et al. (2019) train a 3D CNN that takes a sequence of video clips and predicts the features of
a future clip. They apply the same backbone to extract features from present and future clips and
quantify prediction via the InfoNCE loss (van den Oord et al., 2018), which involves maximizing
an estimate of mutual information (Poole et al., 2019) and has been successfully applied in multiple
domains (Chen et al., 2020b). In an extension of their work, Han et al. (2020b) very recently propose
a memory-augmented version and consider both optical flow and RGB videos as input modalities.
Suris et al. (2021) learn the predictability of the future; namely, their loss is based on the one in (Han
et al., 2019) but applied in hyperbolic space — which is well suited to model hierarchical concepts
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— allowing the model to manage the uncertainty inherent to future prediction in a more natural way.
When the model is certain it will predict the future at a more concrete level, when it is less certain it
defaults to a higher-level of abstraction. In contrast to these methods based on unidirectional feature
prediction, we propose bidirectionally predicting future and past features in Chapter 4.

2.1.2 Contrastive Representation Learning

Contrastive learning has recently advanced the state-of-the-art in self-supervised representation learn-
ing, closing the gap between unsupervised and supervised pretraining on many image understanding
tasks. The proposed methods in Chapters 4, 5 and 6 are based on a contrastive loss, addressing
different aspects of contrastive learning for video representations. Here, we provide an overview
of contrastive learning methods in general — many of which were designed for the image domain —
before inspecting contrastive video representation learning in more detail in Section 2.1.3.

Mutual Information for Representation Learning. The commonly used InfoNCE loss (van den
Oord et al., 2018) gained popularity in 2018. van den Oord et al. (2018) initially used it for con-
trastive predictive coding to sequentially predict the representations of image patches or audio sig-
nals, aiming to learn a feature space that captures information of the input data that is maximally
informative to predict future samples. To that end they propose to maximize the mutual information
between the present and future samples via the InfoNCE loss, which they show to be a lower bound
on the mutual information. Indeed, the idea to maximize mutual information in order to learn useful
representations has been explored in other works as well: Hjelm et al. (2019) maximize the mutual
information between input data and the learned representations at a global (complete input) or local
scale, i.e. the average mutual information between the representation and local regions of the input.
They investigate different estimators of mutual information including the MINE estimator (Belghazi
et al., 2018), Jensen-Shannon-Divergence and InfoNCE. Bachman et al. (2019) extend the work of
(Hjelm et al., 2019) using a more powerful encoder architecture to maximize the mutual informa-
tion between multiple feature scales instead of a single global and local one and applying it to two
independently augmented versions of an image rather than the same single image.

However, the rationale behind these approaches, namely that mutual information yields useful
representations, has been challenged by T'schannen et al. (2020b): While van den Oord et al. (2018)
propose that the InfoNCE loss optimizes a lower bound on the mutual information, Tschannen et al.
(2020b) find that it violates the assumptions in practice and further show that optimizing a more
accurate approximation of mutual information in fact hurts the representation quality. Nevertheless,
InfoNCE works well in practice, suggesting that its good empirical performance goes beyond mutual
information maximization alone. In fact, T'schannen et al. (2020b) further establish the connection of
the InfoNCE loss to deep metric learning, and specifically the N-pair loss (Sohn, 2016), and advocate
that an interpretation from this angle gives a more plausible explanation. Indeed, more recent work
moves away from mutual information perspective and repurpose the InfoNCE loss for an instance
recognition task.

Instance Recognition. The idea of instance recognition has become the underlying principle for
many modern contrastive learning methods. Instance recognition is rooted in the intuitive idea that
the semantics of an image remains intact through typical variations in the data, which are simulated
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by randomly applying transformations (Dosovitskiy et al., 2016). Dosovitskiy et al. (2016) construct
surrogate classes, one for each image, and treat instance recognition as a classification task.

However, this approach quickly becomes infeasible with larger datasets as the number of surro-
gate classes scales with the number of samples in the dataset. Therefore, more recent work relies on
a contrastive loss to distinguish between samples generated from the same instance and samples of
different instances. In this scenario the model does not need to identify which sample is presented
but only if two samples originate from the same instance. More specifically, it involves similar and
dissimilar pairs, commonly referred to as positive and negative pairs, and aims to maximize the sim-
ilarity of positive pairs in feature space while simultaneously minimizing the similarity of negative
pairs using the InfoNCE loss. These pairs are typically obtained through different views of the same
data, e.g. by applying two different augmentations (Chen et al., 2020b) to the same image to observe
an image under different “viewing” conditions. In fact, this augmentation-based approach has lead
to major breakthroughs in self-supervised image representation learning. Chen et al. (2020b) fur-
ther improve the InfoNCE loss in several ways. First, they show that applying a learnable nonlinear
transformation before the contrastive loss is superior to a linear transformation. Furthermore, they
demonstrate that normalizing the representations and using a temperature parameter to compute the
similarity scores is beneficial.

Other common approaches to obtain views for contrastive learning includes different channels
or multi-modal data (7ian et al., 2020a), counting (Noroozi et al., 2017), permutation (Misra and
van der Maaten, 2020), or augmentations (Chen et al., 2020b). The augmentations used to construct
views, such as those explored in (Chen et al., 2020b), have a substantial impact on the learned
representation and determine which transformations the learned representation becomes invariant to.
For example, heavy cropping leads to occlusion-invariant representations (Purushwalkam and Gupta,
2020). Selecting the set of augmentations to form views is therefore one critical aspect in contrastive
learning; ideally, the augmentations should make the task to identify the correct image pairs difficult
enough to prevent shortcuts, while maintaining semantics and important image features. Chen et al.
(2020b) determine the optimal set of (hand engineered) augmentations via extensive evaluations on
downstream tasks, which require labelled data and may not be applicable in setting where labelled
data is scarce. Therefore, Reed et al. (2021) propose to select the set of augmentations based on
the downstream performance on an unsupervised proxy task that is highly correlated with the target
task (e.g. predicting image rotations) and develop a practical algorithm for automatic selection of
augmentations, including the strength of the augmentations and the probability of applying them.
Nevertheless, the optimal invariances induced by the augmentations used for contrastive learning
may be task-specific. Xiao et al. (2021b) propose an alternative framework in which the model
learns to capture both varying and invariant factors. To that end, they map the representations to
several separate embedding spaces, where embeddings are invariant to all but one augmentation,
i.e. an augmented sample serves as a positive in one embedding space (invariant to the augmentation)
and as a negative in another (variant to the augmentation).

Negative pairs. The negative pairs, which are traditionally obtained by taking different samples
in the batch, play a vital role in contrastive learning as they prevent shortcuts via low-level image
statistics (e.g. edges, corners, etc.) and collapsed solutions. Therefore, having access to a large
number of negatives increases the chances to observe samples that are more difficult to distinguish.
Chen et al. (2020b) verify this intuition by demonstrating the gain (very) large batch sizes bring.
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However, such large batch sizes (e.g. 4096) are very computationally demanding. Therefore, He et al.
(2020) propose an alternative approach: They propose to keep features of past batches in a memory
bank, which enables the storage of a large set of negatives. To ensure that features in the memory bank
are changing smoothly during the optimization process, they propose to use a momentum encoder of
the original network to extract features. Other approaches obtain difficult negative samples through
hard negative mining (Robinson et al., 2021) or by constructing them explicitly: For example, Han
et al. (2019) and the follow-up work (Han et al., 2020b) obtain hard negatives from different spatio-
temporal locations in the feature map, while van den Oord et al. (2018) use different patches in the
same image as negatives. Our method in Chapter 4 investigates the role of hard temporal negatives
for contrastive video representation learning.

Positive Pairs. Positive pairs provide our model the information which samples should be repre-
sented similarly in feature space. In order to provide an effective learning signal, the positive pair
should be sufficiently difficult to identify, otherwise, the model might learn a degenerate solution
that relies on shortcuts such as low-level statistics. While the widely adopted instance recognition
achieves this via strong augmentations independently applied to the same instance, other methods
use positive samples that are naturally difficult to identify, e.g. pairing videos with audio (Patrick
et al., 2021) or images with text (Radford et al., 2021), or designing hard positives in some form.
For example, Zhu et al. (2021) synthesize hard positives in feature space by extrapolating from true
positive samples. Our method in Chapter 6 can be interpreted similarly: By pairing long views with
short or aggregated views, the difficulty of the task lies within the positive pairs, which require the
model to make a connection in terms of stationary and non-stationary features.

In instance recognition, the positive pairs are obtained from the same instance, while different
instances serve as negatives even when they share the same semantics. As a result, the learned
representation will aim to be invariant to instance-level variations. On the other hand, Wang et al.
(2020a) propose to learn representations invariant to category-level variations, i.e. pairing samples
with different instances of the same category. As the category information is not available in an
unsupervised setting, they propose invariance propagation: Here, positive samples are discovered
by recursively adding the k nearest neighbors of the positives in feature space, i.e. the samples that
are connected to the true positive through high-density regions. Under the assumption that the label
function is smooth in high density regions, the samples discovered through this process have the
same label but show higher intra-class variations. In practice, they select positives with the lowest
similarity to the query to obtain hard positives. Other approaches obtain additional positives by
sampling the nearest neighbors in feature space (Dwibedi et al., 2021) or by clustering the feature
space: Li et al. (2021a) use prototypes in the clustered feature space — representative embeddings for
a cluster of similar instances — and use them as positives to enforce each sample to be similar to its
corresponding prototype. Caron et al. (2020) use the prototypes of one view as the positive for the
other view. Han et al. (2020a) and Tokmakov et al. (2020) augment the same-instance positives with
instances belonging to the same cluster in a different feature space. Khosla et al. (2020) use class
labels to define a set of positives. False negatives are eliminated from the InfoNCE loss by Huynh
et al. (2022), either using labels or a heuristic. Integrating multiple positives in contrastive learning is
not straightforward: the set of positives can be noisy and include some samples that are more related
than others. In Chapter 5, we provide a method to properly incorporate such samples.
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Supervised Contrastive Learning. Although contrastive learning is mainly used in an unsuper-
vised setting, some recent works incorporate labelled training data into the framework. Romijnders
et al. (2021) use pseudo labels obtained from a detector, 7ian et al. (2020c) use labels to construct
better views and Neill and Bollegala (2021) use the similarity of class word embeddings to draw
hard negatives. The term Supervised Contrastive Learning (SCL) is introduced in (Khosla et al.,
2020) showing that SCL outperforms standard cross-entropy. In the SCL setting ground truth labels
are available and can be used to define positives and negatives. Commonly, samples from the same
class are treated as positive, while instances from all other classes are treated as negatives. Khosla
et al. (2020) find that the SCL loss function outperforms cross-entropy in the supervised setting. In
contrast, Huynh et al. (2022) aim for an unsupervised detection of false negatives. They propose to
only eliminate false negatives from the InfoNCE loss which leads to best results for noisy labels.

Use Cases of Contrastive Learning. In principle, representation learning aims to extract features
that are useful for a diverse set of downstream tasks. Ericsson et al. (2021) evaluate a selection
of popular self-supervised image representation learning methods on 40 different downstream tasks
covering a wide range, from classification tasks (including texture, scene and fine- and coarse-grained
object classification) to few-shot recognition, object detection and dense prediction tasks. Overall,
they find that self-supervised pretrained models outperform supervised pretraining on most tasks,
especially on few-shot, object detection and dense prediction tasks. Nevertheless, there is no single
best model that outperforms all others, suggesting that a universal pretrained model has not yet been
realized. Other works extend or reuse the contrastive learning framework for different applications
or problems: Chen et al. (2020c) find that models pretrained with the contrastive method of (Chen
et al., 2020b) are strong semi-supervised learners — especially when very big models are used. More
specifically, they use the task-agnostic self-supervised pretrained model, finetune it on a very small
amount of labelled data and then distill the predictions to a student network. Azizi et al. (2021)
show the effectiveness of contrastive pretraining for medical image analysis, specifically for classifi-
cation of dermatology conditions from images and pathologies from chest X-rays, while Chaitanya
et al. (2020) extend the contrastive learning framework for segmentation of MRI images in a semi-
supervised setting. Tian et al. (2020b) use the contrastive loss to distill representations of one model
to another. Winkens et al. (2020) find that InfoNCE loss is better suited for out-of-distribution de-
tection than cross-entropy. Chen et al. (2021b) learn shot embeddings and transfer them to the task
of scene boundary detection in movies. A shot — an uninterrupted series of frames captured by the
same camera — is relatively easy to localize using low-level cues, while scenes can consist of visually
distinct shots and are much more challenging to localize. Chen et al. (2021b) use similar shots within
a neighborhood as positives to learn shot embeddings in a fully unsupervised contrastive setting. Af-
terwards, an MLP is trained on top of the frozen shot embeddings in a supervised setting. Zhang
et al. (2022) propose a temporal equivariant contrastive learning paradigm to learn representations
for temporal action localization in videos.

2.1.3 Contrastive Learning for Video Representations

The main difference between images and videos is the temporal dimension, and while extending
contrastive learning to the video domain is just as easily as image pretext tasks, the question of how
we can best make use of temporal information remains valid here as well.
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Contrastive Learning with Temporal Pretext Tasks. A naive attempt includes temporal aug-
mentations into the set of augmentations used to construct positive pairs; however, it turns out that
in practice this approach deteriorates the performance on downstream tasks (Bai et al., 2020). Some
approaches have combined the contrastive loss with temporal pretext tasks. For example, Bai et al.
(2020) combine temporal augmentation in contrastive learning with predicting the applied transfor-
mation using a separate prediction head. Similarly, Wang et al. (2020b) combine the pace prediction
task with a contrastive loss in which positive pairs are consist of clips from the same video with dif-
ferent pace. Jenni and Jin (2021) combine temporal pretext tasks with two contrastive objectives for
instance recognition and time equivariance. Yao et al. (2021) combine an intra-frame and and inter-
frame contrastive loss with a temporal order verification task. Some of these works also experiment
with transformation-based positives, i.e. pairing clips of two different videos as positives when the
same temporal transformation was applied. For example, Wang et al. (2020b) find that “same pace”
positives degrades representation quality. Jenni and Jin (2021) explore a different approach based on
equivariance: They encode the relative temporal transformation between two clips and pair them with
the same relative transformation feature of a different video. In both cases, the “content agnostic”
contrastive loss does not work on its own and has to be paired with other self-supervised losses. In
summary, these approaches find that adding temporal pretext tasks to contrastive learning improves
the quality of the representations, which demonstrates that “vanilla” contrastive learning — i.e. only
relying on image augmentations and disregarding the temporal dimension — lacks a comprehensive
understanding of the temporal information in videos.

Temporal Augmentations. One determining factor for the characteristics of the learned represen-
tations originates in the set of augmentations; thus, incorporating some form of temporal augmenta-
tions for video representation learning may seem like the natural step forward. Qian et al. (2021b)
investigate the importance of spatial and temporal augmentations for contrastive video representation
learning. While they find that both spatial and temporal augmentations are effective, maintaining
temporal consistency within the spatial augmentations (e.g. for a random crop the same patch lo-
cation should be taken from all frames) is crucial. Their temporal augmentations involve sampling
the time interval between the positive pairs of video clips and they find that decreasing the probabil-
ity of larger intervals is favorable over uniform sampling. The frame sampling mechanism in (Pan
et al., 2021) can be interpreted as a learned form of temporal transformations: They learn a model
to adaptively drop out the “most imporant” frames of a video sequence using adversarial learning.
Kuang et al. (2021) extend the framework of (Yao et al., 2021) with a global, video-level contrastive
loss where the positive pair consists of two sets of frames sparsely sampled over the entire video.
Feichtenhofer et al. (2021) sample positive clips that are shifted in time and evaluate their approach
in several self-supervised learning settings including MoCo (He et al., 2020), SimCLR (Chen et al.,
2020b), BYOL (Grill et al., 2020) and SWAV (Caron et al., 2020). Yang et al. (2020) sample positive
pairs of fast and slow clips and enforce similarity between the representations at several different
layers in the network. Wang et al. (2022) propose to use long and short views as positive pairs by
using different temporal strides, which effectively results in clips of different speeds. On the other
hand, Recasens et al. (2021) use long and short views but reduce the spatial resolution of the long
view instead of the temporal resolution; they only evaluate their method in a non-contrastive setting.
Although the above approaches work well on the considered downstream tasks (e.g. action recog-
nition), using temporal augmentations such as temporal shift aims to make the model invariant to
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these augmentations. This may bias the representations towards temporally persistent features that
remain the same over time and potentially loose more fine-grained variations that occur between the
different clips. To overcome this issue, Sun et al. (2021) propose an augmentation-aware contrastive
learning framework: many data augmentations are parameterizable, e.g. shifts in space and time can
be described by the difference between pixel coordinates or time indices, and can be encoded to pro-
vide information about the applied augmentations to the projection head. In this way, the contrastive
framework can take the transformation information into account when aligning the different views
in feature space. Qian et al. (2022) identify features of local clips with the corresponding location in
the feature map of the global video to form positive pairs.

Hard Negatives. Simply maximizing the similarity of two differently augmented pairs of features
does not pose a challenging task — the model can simply assign all samples the same constant feature
vector which perfectly maximizes their similarity — resulting in a collapsed solution. The way to
prevent this is by contrasting the positive pair by a set of negative pairs for which the model has
to minimize the similarity. This prevents a collapsed solution of constant features as it opposes
this objective. As such the set of negatives plays a vital role in contrastive learning and contributes
to the structure of the resulting feature space. A large set of negatives can typically be obtained
from different videos in the dataset; however, these often show different scenes, movements and
actions than the query and are relatively easy to distinguish, therefore, often referred to as easy
negatives. One way to enhance the set of negatives is by constructing specifically hard negatives that
are designed to make the task challenging. E.g. the early work of (van den Oord et al., 2018) uses
patches of the same image in different locations as hard negatives. Similarly, the work of (Han et al.,
2019, 2020b) incorporate features at different spatio-temporal locations in the feature map as hard
negatives for the future prediction task. The intra-contrastive loss in (Yao et al., 2021) and (Kuang
et al.,2021) uses different frames of the same video as negatives, which forces the model to pay close
attention to the variations between the frames. Tao et al. (2020) construct hard negatives by repeating
a single frame or shuffling all frames of the query clip. Recently, Dave et al. (2022) proposed to
extend the instance recognition loss with a “local-local” and a “global-local” contrastive loss in order
to learn temporally distinct features. The “local-local” contrastive loss operates on temporally non-
overlapping fixed lengths clips of the same video, while the “global-local” contrastive loss is applied
on local clips and their corresponding timestamp in the feature map of the global video. For each of
these two losses they consider clips/timestamps at the same temporal location as positives and at all
other temporal locations as negatives.

Hard Positives. Hard negatives are only one way to form more challenging pairs. The counterpart
to hard negatives are hard positives: here, the difficulty of the task arises from a more comprehensive
set of (often several) positive samples, which are more difficult to identify than simple augmentation
based positives. Zhuang et al. (2020) apply local aggregation to the video domain: Local aggrega-
tion (Zhuang et al., 2019) augments the instance recognition loss by allowing similar data points to
be grouped together in feature space. While Zhuang et al. (2020) find similar samples by clustering
the feature space using k-means, Tokmakov et al. (2020) obtain the clusters in IDT feature space.
Similarly, Han et al. (2020a) construct a set of hard positives by clustering a different feature space.
Namely, they train two separate networks, one on RGB input the other on optical flow, and obtain the
hard positives for the RGB model by taking the clusters in the feature space of the optical flow model,
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and vice versa. As a result, two visually distinct videos with similar motion patterns will be embed-
ded close. In contrast, Xiao et al. (2021a) aim to directly distill motion information: They also train
two separate models on visual and motion input, respectively, each trained with a contrastive loss
for instance recognition, and apply a third motion-to-visual contrastive loss where motion features
are paired with the visual features. In a sense, cross-modal contrastive learning can be interpreted as
hard positives as well: determining the same instance in a different modality is much more challeng-
ing than within modalities due to very distinct characteristics and typically requires reasoning at a
higher level. Specifically, it prevents shortcuts via low-level cues. A very prominent example of this
is CLIP (Radford et al., 2021) in the image domain: They train their model on a large collection of
image-text pairs using the InfoNCE loss to maximize the similarity between the image and its text de-
scription. The learned representations can be directly applied for zero-shot classification, where the
pretrained text encoder can be repurposed to construct a classifier (by embedding the class names of
the dataset). Xu ef al. (2021) adapt their approach to the video domain. Patrick et al. (2021) study the
effect of data transformations in a video-audio and a video-text representation learning setting. They
consider transformations such as temporal shift, modality slicing, time reversal and spatial/aural aug-
mentations and find that being invariant to all transformations in not the optimal solution. Instead,
combining invariance to some transformations with distinctiveness to others is superior. Zolfaghari
et al. (2021) enhance the cross-modal contrastive loss by taking intra-modality similarities into ac-
count as well: While the vanilla cross-modal contrastive loss only considers inter-modality negatives,
they incorporate intra-modality negatives as well. Furthermore, they exclude highly related samples
that are connected to many other samples and exclude them from the set of negatives to avoid false
negatives.

2.1.4 Non-Contrastive Representation Learning

The success of contrastive learning, grounded in an instance recognition task that maximizes the sim-
ilarity of two different samples showing the same instance, has inspired a new trend in self-supervised
representation learning, termed non-contrastive learning: In a similar manner to contrastive learning,
it aims to maximize the similarity of positive pairs; in contrast to contrastive learning however, there
are no negative pairs. Naturally, this poses the question how a collapsed solution, that maps all sam-
ples to the same single feature vector, can be prevented. While contrastive methods rely on negative
pairs to prevent collapse, non-contrastive methods need to turn to different mechanisms. Grill et al.
(2020) pass two differently augmented versions of the same image through an online and a target net-
work (each consisting of a backbone network followed by a projection head) and directly predict the
representation of the target network from the representation of the online network with a prediction
head. Their self-supervised loss directly maximizes the cosine similarity between target represen-
tation and online prediction. The online network is train end-to-end, while the target network is a
slowly moving exponential average of the online network to which no gradients are backpropagated.
They hypothesize that the updates of the target network’s parameters are not in the gradient direc-
tion of the loss function and preventing a collapse that way. They experimentally find the moving
average component to be crucial for performance and observe that an extreme case that instantly
updates the target network to the online network results in collapse. Chen and He (2021) on the other
hand find that this stop-gradient operation is sufficient for learning powerful representations. While it
has been speculated by researchers that these methods avoid collapse via the batch statistics that are
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leaked when applying BatchNorm (loffe and Szegedy, 2015) before computing the loss, Richemond
et al. (2020) find that BYOL also works without BatchNorm and uses GroupNorm (Wi and He, 2018)
instead. Tian et al. (2021b) investigate different components of non-contrastive self-supervised learn-
ing by analyzing the nonlinear learning dynamics. They find that the stop gradient operation on the
target network and the prediction head on top of the online network are the essential ingredients to
avoid collapse. Caron et al. (2021) propose a method with only a centering and sharpening of the
teacher output to avoid collapsed solutions and do not depend on a predictor network. While these
methods rely on multiple carefully designed components to avoid representational collapse, Zbontar
et al. (2021) propose a conceptually simple method based on a principle of redundancy reduction to
prevent collapsed solutions. They design a loss function that maximizes the similarity of feature vec-
tors of two differently augmented images, while simultaneously minimizing the redundancy between
different components of these vectors, measured by the cross-correlation. The above methods are
mainly applied to representation learning on images. Recasens et al. (2021) apply a non-contrastive
loss for video representation learning. More specifically, they design positive pairs from narrow and
broad views, i.e. clips spanning a shorter or longer temporal context, and predict from narrow to
broad view and vice versa, using a regression loss and the stop gradient trick similar to (Grill et al.,
2020; Chen and He, 2021).

2.2 Action Recognition

Action recognition is one of the most common video understanding tasks and has become the de
facto evaluation downstream task for video representation learning. Moreover, most network archi-
tectures used to train self-supervised video representation models were initially designed for action
recognition tasks. In this section, we will first review a selection of action recognition models and
refer to (Zhu et al., 2020) for a more thorough overview, before introducing the action recognition
datasets used throughout this thesis.

2.2.1 From 2D to 3D Convolutional Neural Networks and Transformers

2D CNNs.  With the success of convolutional neural networks (CNN) for image classification tasks,
they have found their way into video understanding models as well. Early methods extended image-
based 2D CNNs to video data, e.g. by feeding frames independently and averaging their predictions
or concatenating the frames along the channel dimension (Karpathy et al., 2014) or by adding a
temporal aggregation model on top, essentially treating a video clip as a sequence of images. In
the latter case, the 2D CNN is used to extract frame-wise features. To carry information across the
frames, an aggregation model is put on top of these frame-wise features and taking in the information
of all frames predicts an action class for the video. Common choices for such aggregation models are
temporally recurrent networks, such as Recurrent Neural Networks (RNN) specifically Long Short
Term Memory networks (LSTM) (Hochreiter and Schmidhuber, 1997), e.g. used in (Donahue et al.,
2015; Yue-Hei Ng et al., 2015). In this case, the fusion of temporal information happens in the
very last layers, where the content of the frames is already very abstracted, potentially losing crucial
low-level motion information.
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Two-Stream Models. One way to model such low-level motion is via optical flow. For exam-
ple, Two-Stream Networks (Simonyan and Zisserman, 2014) take a single RGB frame and a set of
stacked optical flow frames as input, train two separate 2D CNNs on top of each input and aver-
age their predictions. In this approach, the results of the two streams are combined at the very end,
which referred to as late fusion, and prevents interaction between the two streams in intermediate
layers. Feichtenhofer et al. (2016) investigate different fusion paradigms including how and where
to perform fusion.

3D CNNs. A natural extension of 2D convolutions to video data simply treats the temporal dimen-
sion as an additional dimension analogous to the spatial dimensions by extending the 2D kernel to
a 3D kernel (Tran et al., 2015). This enables the model to capture low-level temporal information
such as motion more effectively. A major breakthrough has been achieved by Carreira and Zisser-
man (2017) who adapt 2D image classification networks (specifically Inception-V1 (Szegedy et al.,
2015)) to 3D CNNs by “inflating" the 2D filters and kernels and equipping them with a temporal
dimension. In order to reuse ImageNet (Deng et al., 2009) pretrained weights to initialize the model,
they inflate them in a similar manner, i.e. repeating the 2D filters along the temporal dimension and
scaling them appropriately. They demonstrate that their model can be used in a two-stream setting as
well in which one stream takes a set of RGB frames while another takes optical flow frames. Since
then, advances of 2D CNN architectures in the image domain have inspired adapted 3D CNN ver-
sions. For example, Hara et al. (2018) simply replace the 2D convolutional filters of ResNets (He
et al., 2016) by 3D ones; the models we use in Chapter 4, 6 and 7 are based on 3D-ResNet18. Tran
et al. (2018) and Qiu et al. (2017) further improve this architecture by factorizing the 3D kernels into
separate 2D spatial and 1D temporal ones. Xie et al. (2018) mix 2D convolutions in early layers of
the model with 3D convolutions in later layers; specifically, they factorize the 3D kernels similar to
(Tran et al., 2018) and (Qiu et al., 2017). Feichtenhofer et al. (2019) proposes a model with a slow
and a fast pathway: The slow pathway operates at a low frame rate to capture semantics while the fast
pathway uses a high temporal resolution to capture quickly changing motion better. The above meth-
ods are designed to process a limited number of frames at a time (in many cases 16 or 32 consecutive
frames) lacking the capacity to model longer-range temporal dependencies. Therefore, motivated by
the observation that consecutive frames are highly redundant, Wang et al. (2019b) propose a global
sparse frame sampling strategy that selects frames spread across the video. They divide the global
video into a fixed number of segments and then randomly select a single frame within each segment,
passes it through a 2D CNN and then aggregates them, e.g. via average pooling.

Transformer-based Networks. Inspired by the tremendous success of the Transformer
model (Vaswani et al., 2017) in the natural language processing domain, Dosovitskiy et al. (2021)
propose a Vision Transformer (ViT) for image classification, which has since become widely adopted
for image understanding tasks. Specifically, the ViT model utilizes the Transformer encoder model
and feeds it a sequence of encoded tokens corresponding to image patches embedded using a linear
projection and prepends a class token to the beginning of the sequence. The Transformer encoder
model processes the sequence through several self-attention layers and outputs an encoded sequence
of the same length as the input sequence; an MLP head is applied on the feature corresponding to
the class token to predict classes. The Transformer model is designed to capture long-range contex-
tual dependencies through the self-attention mechanism, a characteristic that makes them especially
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appealing for long-range temporal modelling in video applications. Indeed, similar Transformer-
based architectures have been proposed in the video domain as well: Arnab et al. (2021) propose a
pure Transformer-based model for action recognition and investigate different options to partition the
video into spatio-temporal tokens, including tokenizing each frame independently and concatenating
the tokens of all frames and a tubelet embedding that divides the video into 3D tubes to better fuse
spatio-temporal information during the tokenization step. They further explore several methods to
factorize the model along the spatial and temporal dimension. Concurrently, Bertasius et al. (2021)
propose a Transformer model that operates on a sequence of tokens from frame-level patches. They
study different self-attention designs and find that a “divided attention”, that applies spatial and tem-
poral attention separately, works best. One drawback of the attention mechanism is its scalability as
the computational complexity is quadratic in the length of the input sequence making it prohibitively
expensive for high-resolution visual inputs. To alleviate these issues, Liu et al. (2021a) propose
the Swin Transformer architecture that constructs a hierarchical feature maps by restricting the self-
attention to non-overlapping local windows which are shifted between layers to allow cross-window
connections. This reduces the computational complexity to linear runtime. Liu et al. (2021b) adapt
the Swin Transformer to the video domain.

2.2.2 Datasets

Throughout the thesis, we conduct experiments on three commonly used datasets for action recogni-
tion: Kinetics-400 (Kay et al., 2017), UCF101 (Soomro et al., 2012) and HMDBS51 (Kuehne et al.,
2011). We provide an overview of these datasets in Table 2.1 and discuss them in more detail below.

Number of Number of Clipsper  Clip

Dataset Classes Videos Class Length
HMDBS51 (Kuehne et al., 2011) 51 6.766 min 102 3.1 sec
UCF101 (Soomro et al., 2012) 101 13.320 min 101 7.2 sec
Kinetics-400 (Kay et al., 2017) 400 247.218 min 400 10 sec

Table 2.1: Statistics of Action Recognition Datasets. We provide an overview of the statistics of
three commonly used action recognition datasets.

HMDB51. The HMDBS51 dataset (Kuehne et al., 2011) was one of the largest datasets for action
recognition at the time of its release. And although from today’s perspective, with several large-scale
datasets available, it is viewed as a smaller dataset, it is still one of the most popular datasets for
evaluating video recognition models. The dataset consists of 51 action classes, each containing at
least 102 clips. The action classes can be grouped into five different types: facial actions (e.g. smile,
talk), facial actions with object interactions (e.g. eat, drink), body movements, body movements with
object interactions and body movements with human interactions. The video clips are sourced from
different internet sources, such as YouTube and Google videos, and movies, and are at least 1 second,
on average 3.1 seconds long, with a frame rate of 30 FPS.
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UCF101. The UCF101 dataset (Soomro et al., 2012) is a mid-sized action recognition dataset with
101 action classes, each containing at least 101 video clips. The video clips are on average 7.2
seconds long with a frame rate of 25 FPS. In contrast to many previous datasets that consist of videos
recorded in unrealistic, controlled settings, the UCF101 dataset consists of user-uploaded YouTube
videos, which are recorded in the wild and can contain cluttered backgrounds and camera motions.
The action classes in UCF101 are human-centered and can be broadly categorized into five different
types: body motion, human-object and human-human interaction, playing instruments, and sports.

Kinetics-400. The Kinetics-400 dataset (Kay et al., 2017) is a large scale dataset for action recog-
nition, consisting of 400 action classes covering a broad range of human focused actions. Actions
include single-person, person-object and person-person interactions and each action class contains
at least 400 clips. The clips are about 10 seconds long with a frame rate of 30 FPS, i.e. clips cover
around 300 frames each. The video clips are sourced from YouTube videos and the original dataset
contains a total of 306.245 videos. Since the videos are collected from YouTube, Kinetics-400 is
not a static dataset — videos can be deleted from YouTube and no longer be available, decreasing the
size of the dataset over time. Our copy of the dataset consists of 234.584 training videos and 12.634
validation videos, comprising a total of 247.218 video clips.

2.3 Temporal Action Segmentation

In contrast to action recognition, which aims to assign a single action label to short trimmed videos,
the task of temporal action segmentation is to temporally segment long untrimmed videos and classify
each segment. In Chapter 7, we develop a Transformer-based model for temporal action segmenta-
tion, which can be applied both in the fully supervised and the timestamp supervised setting. Here,
we review existing approaches in both categories. Since end-to-end training on the full untrimmed
videos is too computationally expensive, the action segmentation task is typically decoupled into
two steps: First, low-level spatio-temporal features are extracted from the raw frames and then, in a
second step, a separate method for high-level temporal modelling is trained on top of the features to
temporally segment the video.

2.3.1 Fully Supervised Action Segmentation

Early approaches are based on sliding window and non-maximum suppression (Rohrbach et al.,
2012; Karaman et al., 2014). Other traditional approaches use hidden Markov Models (HMM) for
high-level temporal modeling (Kuehne et al., 2016; Tang et al., 2012). Lea et al. (2016a) propose
a spatio-temporal CNN to extract features and use a semi Markov Model on top for inference. To
that end, they first train a 2D CNN to classify frames independently and in a second stage train a
1D temporal convolutional model on the frame-wise features of the 2D model. Richard and Gall
(2016) use a language and length model to model the probability of action sequences and convert the
frame-wise probabilities into action segments using dynamic programming.

More recent approaches are based on temporal convolutions to classify the video frames directly:
Lea et al. (2017) propose two types of Temporal Convolutional Networks (TCNs) to capture long-
range temporal dependencies. The first model consists of an encoder-decoder structure with several
layers of temporal convolutions and pooling operations in the encoder to efficiently increase the
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temporal receptive field and enable to model long-range dependencies. The decoder architecture is
similar to the encoder but with temporal upsampling instead of pooling to map back to the original
input sequence length, producing a sequence of frame-wise features. Finally, a linear classifier is
applied to the features of each individual frame to predict its action class. The second model uses
dilated convolutions instead of temporal pooling and upsampling to capture long-range dependen-
cies. The dilation rate increases with each layer in a block to enable a large receptive field. Lei
and Todorovic (2018) propose a Temporal Deformable Residual Network consisting of a residual
stream that operates on the full temporal resolution and a pooling/unpooling stream that captures
long-range dependencies via deformable temporal convolutions at multiple scales. While TCNs have
been proven successful in practice, they still operate only on a low temporal resolution of the input
frames. Furthermore, the temporal pooling operation may struggle to maintain fine-grained temporal
information. To alleviate this problem, Farha and Gall (2019) propose multi-stage TCNs (MS-
TCNs) that operate on the full input resolution. In each stage, they apply a set of dilated temporal
convolutions with increasing dilation rate which generate an initial prediction in the first stage that is
refined by the subsequent stages. After each stage, they apply a frame-wise classification loss and a
smoothing loss to penalize over-segmentation errors. Li et al. (2020) extend this work in two ways:
First, they propose dual dilated temporal convolutions in the first stage of the model to combine both
a small and large receptive field in the early prediction stage. Second, they decouple the predic-
tion generation and refinement stages of the model to customize the architecture to the respective
tasks. Wang et al. (2020c) propose boundary-aware cascade networks based on the architecture of
(Farha and Gall, 2019) with an adaptive temporal receptive field to dynamically respond to sudden
label changes between frames. The early stages of their model focus on classifying simple frames,
while later stages are aimed at more difficult ambiguous frames. Recently, Yi et al. (2021) combine
multi-stage TCNs (Farha and Gall, 2019) with Transformer modules, where the receptive field in
the self- and cross-attention layers is locally restricted to yield a hierarchical representation. More
specifically, for each dilated temporal convolution in the MS-TCN architecture, they add an attention
layer with instance normalization. The first stage of their model is the encoder, while the later stages
are “decoders”, which take the concatenated features of the encoder and the features of the previous
stage as input to the cross-attention layer. While we use a similar encoder as ASFormer for our model
in Chapter 7, our decoder is very different and follows the auto-regressive prediction paradigm of the
traditional Transformer model (Vaswani et al., 2017); more details of our architecture can be found
in Section 3.3.3. The above methods solve the action segmentation task by predicting an action class
for each frame. Unfortunately, this approach is prone to over-segmentation and requires refinement
modules and smoothing or post-processing and expensive inference. Ishikawa et al. (2021) addresses
this issue by introducing a boundary regression branch to detect action boundaries, which are used
during inference to refine the segmentation. Huang et al. (2020) propose a Graph-based Temporal
Reasoning Module that can be built on top of existing methods to refine their predicted segmenta-
tions. In contrast, our method in Chapter 7 aims to predict the high-level sequence of action segments
directly.

2.3.2 Weakly Supervised Action Segmentation

Training action segmentation models in a fully supervised setting requires fine-grained temporal an-
notations, i.e. precise localization when one action ends and another begins. To avoid these costly



2.3. Temporal Action Segmentation 27

frame-wise annotations, many methods have been proposed that rely on a weaker form of supervi-
sion, such as transcript supervision (Bojanowski et al., 2014): Here, only the ordered sequence of
actions that occur in the video are given, but not their temporal location. Huang et al. (2016) extend
the connectionist temporal classification framework, originally introduced for speech recognition, to
videos to efficiently evaluate all possible frame-to-action alignments. Since these can include vi-
sually inconsistent alignments, they incorporate a frame-to-frame similarity into the framework to
enforce consistency. Ding and Xu (2018) propose a new TCN variant in combination with an itera-
tive soft boundary assignment strategy to generate frame-wise pseudo-labels from transcripts during
training. To that end, they map a transcript to a sequence of frame-wise labels assuming uniform
segment lengths and construct soft boundaries between segments by interpolating the probabilities
of the two actions. The transcripts are then iteratively refined based on the predictions of the current
model with an insertion strategy; namely, an action label is repeated if its probability at the action
boundary exceeds that of the neighboring action by a given threshold. Richard et al. (2018) generate
frame-wise pseudo-labels with the Viterbi algorithm: The Viterbi algorithm can be used to compute
the global optimal segment lengths given frame-wise class probabilities and a transcript and is tra-
ditionally used to convert potentially noisy frame-wise predictions into smooth segment predictions.
Richard et al. (2018) take advantage of this characteristic and determine the optimal segmentation
of the current predictions and the ground truth transcript in each training iteration. They then use
the obtained segmentation as pseudo ground truth in a frame-wise classification loss. Li et al. (2019)
extend this work by discriminating between all valid and invalid segmentations of a video. Souri
et al. (2021b) use a two-branch neural network with a frame classification branch and a segment
generation branch, which predict two redundant segmentations — one at a frame-level, the other at
a segment-level. The two different representations types aim to predict the same segmentation and
can be used to guide each others training by enforcing them to be consistent via a mutual consis-
tency loss. In addition, the action prediction of the segment generation branch can be supervised by
the ground truth transcript. More recent approaches exploit Dynamic Time Warping for the weakly
supervised action segmentation task: Dynamic Time Warping can be used to align two sequences
using a dynamic programming procedure. Chang et al. (2019) use Dynamic Time Warping to align
the video frames to the video transcript and obtain a differentiable loss with a continuous relaxation
of the min-operator in the dynamic programming procedure. Chang et al. (2021) on the other hand
align video sequences with an ordered sequence of action prototypes representing the transcript. The
learned discriminative action prototypes can then be used during inference to align frames to tran-
scripts. While transcript supervision reduces the annotation cost significantly, it has been observed
that the performance suffers in practice. As an alternative, timestamp supervision (Li et al., 2021c)
has been proposed, where for each action segment a single frame is annotated. The annotation cost
for such timestamps is comparable to transcript annotations (Li et al., 2021c) but provides a stronger
level of supervision as it gives information about the rough location of the segments. In Chapter 7,
we evaluate our method on this form of supervision as well.

2.3.3 Datasets

In Chapter 7, we perform experiments on three commonly used datasets for action segmentation,
namely Breakfast (Kuehne et al., 2014), 50Salads (Stein and McKenna, 2013) and GTEA (Fathi
et al., 2011); an overview of the datasets statistics can be found in Table 2.2. Among these datasets
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Breakfast is the largest dataset available for the action segmentation task to date. In contrast, S0Salads
and GTEA contain much fewer videos and classes, but more segments per video. Furthermore,
50Salads contains the longest videos, spanning an order of magnitude more frames on average.

Min Max Mean Min # of Max # of

Dataset Classes  Videos Length Length Length Segments Segments
GTEA (Fathi et al., 2011) 11 28 634 2009 1115 21 44
508Salads (Stein and McKenna, 2013) 17 50 7555 18143 11552 15 26
Breakfast (Kuehne et al., 2014) 48 1712 130 9741 2097 2 25

Table 2.2: Statistics of Action Segmentation Datasets. We provide an overview of the statis-
tics of three commonly used datasets for temporal action segmentation, including the number of
classes and videos in the dataset, the minimum/maximum/mean length of the videos, and the mini-
mum/maximum number of segments in a video.

GTEA. The Georgia Tech Egocentric Activities dataset (Fathi et al., 2011) consists of 28 videos
recorded by 4 subjects using a GoPro camera. The camera is mounted on top of the head of each
subject and records the area in front of the subject’s eyes, i.e. from an egocentric point of view.
The frames are extracted at a 15 fps rate. The videos are on average 74.3 seconds long, or 1115
frames, and contain 21 to 44 action segments. The videos show seven different activities related to
preparing food, e.g. “peanut butter sandwich”, each made up of several sub-actions, such as “spoon”
and “spread”. In total, the dataset consists of 10 action classes and one background class.

50Salads. The 50Salads dataset (Stein and McKenna, 2013) consists of videos of food preparation
as well, it shows 25 actors preparing two mixed salads each; in total the dataset consists of 50 videos.
The videos are recorded using an RGB-D camera from a top-view perspective at a frame rate of
30 fps. In comparison with the GTEA dataset, the videos of 50Salads are much longer: they span
385 seconds or 11552 frames on average. The dataset consists of 17 action classes and each video
contains 15 to 26 action segments.

Breakfast. The Breakfast dataset (Kuehne et al., 2014) is one of the largest available action seg-
mentation datasets, consisting of 1712 videos. A total of 52 participants perform 10 breakfast cook-
ing activities in multiple different kitchens. The video were recorded from a third person view using
multiple cameras at a frame rate of 15 fps and are on average 139.8 seconds or 2097 frames long.
Overall, the dataset consists of 48 action classes; each video contains 2 to 25 action segments.



CHAPTER 3

Preliminaries

In this chapter, we formally define the video representation learning task and discuss some common
evaluation strategies. To that end, we first introduce the basic notation and spell out the merits of
deep learning for video representation learning. In this thesis, we are interested in self-supervised
video representation learning via contrastive learning. As contrastive learning lays the foundation of
our methods in Chapters 4, 5 and 6, we will introduce the most important components of contrastive
learning. Equipped with the necessary tools for learning unsupervised video representations, the
question remains how to evaluate them properly. In contrast to standard computer vision tasks, a
“ground truth representation” that we can compare to is not available; in fact, it may be difficult to
determine what an optimal representation should look like and may even depend on the target task
at hand. Therefore, downstream tasks have become the de facto evaluation of learned representation:
the quality of a representation is rated based on its performance on a target task. A wide range of
video understanding tasks can be used for this purpose; here, we review three downstream tasks that
we use throughout the thesis. This also includes the temporal action segmentation task, for which
we develop a method in Chapter 7. Finally, we introduce the neural network architectures used
throughout the thesis, including deep residual networks, gated recurrent units and the Transformer
model.
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3.1 Video Representation Learning

At an abstract level, (video) representation learning can be defined in different ways, e.g. one could
argue that it should identify and disentangle the underlying factors of variation in our data (Bengio
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Self-Supervised Task £

Downstream Tasks Di,...,D,,

Figure 3.1: The Self-Supervised Video Representation Learning Task. Self-supervised video
representation learning aims to learn a model f to extract high-level abstract concepts from videos
v € V, represented by features z € Z (blue feature space), without using any labels. This is typically
done via self-supervised pretraining (left), where the model f, also called backbone, together with
a self-supervised head h is trained to solve a self-supervised task £. The head h maps the features
z € Z to the self-supervised target space Vssp Where the loss is applied and is typically discarded
after the self-supervised pretraining. An ideal representation benefits a diverse set of downstream
tasks Dy, ..., D), (right). Here, the self-supervised pretrained model f (left) serves e.g. as a feature
extractor or initialization for the downstream tasks (right) and is equipped with a classifier d; that
maps the features z € Z to the targets y € ); of the downstream task D;.

et al.,2013); however, the ground truth factors of variation for such representations is rarely available.
Therefore, we define video representation learning from a more practical point of view: A useful
representation should give us some benefit on a target task — ideally, multiple target tasks. This
definition also simplifies the assessment of the quality of learned representations.

While early work constructs hand crafted features, e.g. improved dense trajectories (IDT) (Wang
and Schmid, 2013) and space time interest points (Laptev and Lindeberg, 2003), modern approaches
are almost exclusively based on deep learning. It allows the model to discover the “optimal” features,
i.e. the features that are well suited to solve the task, on its own. While supervised learning is
still a popular approach to extract meaningful representations, interest in unsupervised methods has
increased over the years.

3.1.1 Problem Formulation and Notation

In the following, we will introduce some basic notation and formalize the video representation learn-
ing task. At a fundamental level, videos make up the input space of all tasks and problems we
consider in this thesis; therefore, we denote the space of all videos by V. Each video v € V consists
of a sequence of 7}, frames v = (x1,...,xp, ), where x; € R3*H*W iq the RGB frame of height H
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and width W at time ¢. From a high-level perspective, the goal of video representations is to define
a function f : V — Z that maps videos v € V to an abstract feature space Z. The features z € Z
should accurately represent high-level abstractions of the video content.

But how should the ideal feature space Z look like? One way to define what a good represen-
tation should look like is via some desired properties of the feature space, e.g. it should identify
and disentangle the underlying factors of variation in the data (Bengio et al., 2013). However, this
perspective poses some challenges in practice: How do we train a model to achieve this disentangle-
ment when the ground truth factors of variation are unknown? And even if we achieve disentangled
representations will they be useful for downstream tasks? A recent study by Locatello et al. (2019)
challenges this ideal.

From a more practical point of view, the features z € Z should — if they represent the video
perfectly — enable or at least facilitate the application to various downstream tasks D1, ..., Dy,
some of which we discuss in Section 3.2. The downstream tasks D; typically define pairs (v, y) of
inputs v € V and their corresponding targets y € J); (e.g. action labels). In this definition, an ideal
feature space Z is one that enables a classifier d; : Z — )); to solve the task D; given the features
z € Z. In many cases, the classifier d; is a linear layer, which assumes that the learned features are
linearly separable. This definition also simplifies the comparison of representations: a representation
is deemed to be superior if it achieves better performance on a downstream task.

While early approaches for video representations hand engineered the function f, modern ap-
proaches define an unsupervised training objective to learn representations. The unsupervised task
can be designed such that the learned representation expresses many generic priors, i.e. priors that are
not task-specific but potentially useful for a target task (Bengio et al., 2013), e.g. smoothness of f,
temporal coherence, and sparse representations to list a few. Essentially, unsupervised representation
learning boils down to learning a prior of the data IP()). The hypothesis is that the underlying factors
of V help to model the targets );; thus, representations that are useful for P(V) will be useful for
P(Y;|V) as well (Bengio et al., 2013). However, not all underlying factors in the data distribution will
be equally useful for all potential downstream tasks. In fact, the value of an unsupervised task may
depend on how well it is aligned with the target task. Generally, the goal is to define an unsupervised
task that aligns well with as many downstream tasks as possible.

3.1.2 Deep Learning for Representation Learning

Deep learning provides an especially convenient tool for video representation learning. Deep neural
networks tend to naturally learn a hierarchy of features: early layers in the model typically capture
low-level cues, while later layers usually capture more abstract concepts composed of less abstract
ones from previous layers. This is especially fitting for video data as videos are inherently hierarchi-
cal by nature: a high-level action is typically made up of several sub-actions, e.g. different steps in
preparing a meal, and those sub-actions in turn are again made up of several atomic actions and low-
level movements, etc. Similarly, the feature space Z may have different levels, from fine-granular
localized framewise features to a single feature vector representing the video at a global scale and
various levels in between, e.g. a sequence features representing a sub-sequence of the video at a time.
In principle, we can apply unsupervised losses at various layers in the model to guide the representa-
tion learning process at different stages. In this thesis, we take the representation at the penultimate
layer, i.e. before the linear classification head, since we are aiming for high-level abstract features of
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videos and allow the model to figure out the optimal representations in early layers on its own.

Deep neural networks are an umbrella term encompassing a larger family of models that map
input to output through consecutive layers of differentiable functions — 1n many cases a linear trans-
formation followed by a non-linear activation function. Each layer fe is parameterized by a set of
weights 6;; together 6 = {01, ..., 0;} make up the weights of the full model

fo=1y o fy Voo il 3.1

Neural networks are universal function approximators (Hornik et al., 1989): they can approximate
any continuous function arbitrarily well on a compact subset (assuming arbitrary width of the model).
In other words, they can represent a very wide variety of different functions when the weights 6 are
chosen properly. Consequently, they have the potential to solve many complex tasks (including self-
supervised tasks), which are typically expressed through a loss function L.

In self-supervised learning, the challenge lies within designing £ such that the task is sufficiently
challenging for the network to solve and forces the model to explore the structure of the data thor-
oughly. Once we have defined a loss function £, we train the model to minimize the expected loss
over all possible videos. Commonly, a mapping h : Z — Ysgi is employed that maps the output of
fo to the space Vssr, where the self-supervised loss £ is applied. Here, h is the self-supervised task
head and fy is the backbone. Note that ~ contains learnable parameters as well; for ease of notation
we drop them in the equations below. We optimize the parameters 6 € ©, which define the behavior
of our model fy:

arg min Ey [£(h(fo(v)))]. (32)
(SC]
In practice, we do not have access to the true sample space V of all possible videos and instead
approximate it by sampling a large number of videos {v1,...,v,}, v; € V, and the optimization
problem boils down to

arg min Z L(h(fo(vi))). 3.3)

0e© i=1

We can optimize Eq. (3.3) with stochastic gradient descent (SGD), which approximates the gradient
with respect to # on a minibatch of samples.

Ultimately, we are not simply interested in minimizing £ on all available samples {v1,...,v,},
but rather we are aiming for generalization — a good performance of fy on new samples v € V —
which we assess by evaluating on held-out samples. Specifically, we typically divide the available
samples into a training set for optimization, a validation set for hyper-parameter selection and a test
set to test the generalization ability of the learned model.

3.1.3 Contrastive Learning

There is a large body of literature on how to design an unsupervised loss function £; we reviewed
a selection of self-supervised tasks for video representation learning in Section 2.1. In recent years,
contrastive learning has established a particularly promising direction for this purpose. In this sec-
tion, we will review the basics of contrastive learning in more detail, as they form the foundation of
the methods in Chapters 4, 5 and 6.
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Positive and Negative Pairs. Contrastive learning is intimately tied to the definition of similar
and dissimilar pairs of samples: it aims to learn a feature space in which similar pairs — referred
to as positive pairs — are embedded close to each other, while dissimilar negative pairs are pushed
apart. As such, these sets of positive and negative pairs have a major impact on the structure of the
feature space and constitute one of the most important components of contrastive learning. A widely
adopted approach for defining positive pairs without using any labels is instance recognition. Here,
we construct two different views of the same data that maintain the semantics of the original data. For
example, we can apply two different augmentations, such as random crops and color transformations,
to an image, which alter the appearance of objects but preserves the content of the image for the most
part, essentially allowing our model to view the same data under different conditions.

Given a single sample ¢, which we refer to as query, we define a set of positives p € P that are
related to ¢ and a set of negatives n € N, i.e. unrelated samples. We denote the respective features

by 2z = f9(q), 2p = fo(p) and 2z, = fp(n).

Cosine Similarity. Our aim is to maximize the similarity between the features of positive pairs
(245 #p), p € P, and minimize the similarity of negative feature pairs (z4, z,,), n € . To that end,
we first define a similarity measure; we use the cosine similarity throughout the thesis:

T

— 3.4)
[z lll}2]

sim(z1, z9) =
A very popular variation applies another learnable transformation A (in many cases an MLP head)
and scales the cosine similarity with a temperature parameter 7 (Chen et al., 2020b); for simplicity
we denote these adaptions by

1 h(zl)Th(ZQ)
7 [R(z0) [P (z2) |
If we set 7 = 1 and use the identity function h = id, Eq. (3.5) is equal to Eq. (3.4). We generally

assume the form in Eq. (3.5) and occasionally drop the subscripts 7 and h to simplify the notation
when they are clear from the context.

sim; (21, 22) = 3.5

InfoNCE Loss. While many contrastive losses, which aim to maximize the similarity of positive
pairs and minimize the similarity of negative pairs, have been proposed in the field of metric learning,
the InfoNCE loss has recently gained a lot of popularity. In its most basic form, P contains only a
single positive p and the InfoNCE loss reads

exp (simrp(2g, 2p))
exp (simy, 1, (2q, 2p)) + Dnen €xXP (simy p (2g, 2n))

LinfoNCE = — Z log (3.6)
q

Since the log function is monotone, minimizing Eq. (3.6) breaks down to maximizing the expression
inside the log, which is achieved when sim; j,(zq, zp) is maximized and sim j, (24, 2,,) i minimized
for n € NV, and is precisely what we are aiming for in contrastive learning.

The basic InfoNCE loss above assumes that a single positive is given, which may be overly
restrictive when we can easily obtain multiple positive samples for the query ¢g. For example, we can
treat samples of the same class also as positives (Khosla et al., 2020) or we can sample several short
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clips from the same video (Feichtenhofer et al., 2021). One straightforward way to include several
positives into the contrastive loss is to apply Eq. (3.6) to each positive, i.e. take the sum over the
positives outside of the log:

exp (Simr h(zqa Zp))
LifoNcE = — log . 7 i ' G7
nfo Zq:;) exp (simr ,(2¢, 2p)) + e €XP (simr 4 (2g, 2n))

This loss enforces all positive pairs to be similar, which is useful when we are confident that all
positives are true positives. However, in some cases we may be facing a more noisy set of positives
— e.g. sampling temporally distant clips may show drastically different content due to changes in the
video — and forcing all of them to be similar can reduce the representation quality. To alleviate this
issue, we can alternatively compute the sum inside the log;:

Zpep exp (simr (Zq, 2p))
pep €XD (simr (24, 2p)) + 2, cpr €xp (simyr p(zg, 20))

LioNcE = — Z log (3.8)
. 2

In contrast to Eq. (3.7), Eq. (3.8) does not force all positives to be similar; essentially, this loss is
satisfied as long as a sufficiently large similarity is set for at least one positive.

Connection to Mutual Information. The InfoNCE loss has been associated with mutual infor-
mation early on: van den Oord et al. (2018) derive the InfoNCE loss as a lower bound of mutual
information, suggesting the success of the proposed loss function originates from maximizing the
mutual information between the two variables. Mutual information measures the amount of informa-
tion obtained about one random variable given the other and is formally defined as the KL-divergence
between the joint density p(x,y) and the product of the marginals p(z) and p(y):

I(X;Y) = Do (p(z,y)|p(z)p(y)) - (3.9

The lower bound derived in (van den Oord et al., 2018) relates the InfoNCE loss to mutual informa-
tion in the following way:

I(X;Y) ;]og(]\f)_|_1ilo ;Xp(f(xiayi)
N i=1 Zj:l exp(f (i, y;)

= log(IN') — LinfoNCE- (3.10)

The interpretation is that by minimizing LsoncE We effectively maximize a lower bound of the mu-
tual information and therefore indirectly the mutual information itself. While Poole et al. (2019)
prove that the InfoNCE loss is indeed a lower bound on mutual information if the negative samples
are drawn from the true marginal distribution, T'schannen et al. (2020b) point out that this assump-
tion is often violated in practice when hard negatives are constructed explicitly with the intention
to improve the learned representations. Furthermore, they find empirically that higher capacity crit-
ics, which achieve a tighter bound on the mutual information, do not necessarily transfer to better
downstream performance and challenge the conception that mutual information maximization alone
is a useful objective for representation learning. This is in line with observations from representation
learning in the image domain, where a better performance on the pretext task does not indicate better
performance on downstream tasks (Noroozi and Favaro, 2016; Kolesnikov et al., 2019).
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Invariance of Learned Representations. Contrastive representation learning is closely tied to the
concept of invariances (Purushwalkam and Gupta, 2020), which are induced by the transformations
that we apply to obtain our positive pairs. As the model aims to learn similar representations of
positive pairs, it is prone to focus on the information that is shared between them and will tend to
omit cue that are distinct to each individual view. We say our model f is invariant to a transfor-
mation ¢ if f(¢(v)) ~ f(v). In instance recognition — the most widely adopted approach of modern
contrastive methods — two views of a sample v € V are generated by applying two independent
augmentations t1,ty € 7 which provide the positive pair. Training InfoNCE on these pairs entails
f(t1(v)) = f(t2(v)). In many cases, 7 includes the identity or invertible transformations making
our model invariant to the set of augmentations in 7. Besides invariance to the augmentations them-
selves, they can also induce invariance to other transformations: For example, Purushwalkam and
Gupta (2020) find that the heavy crop augmentation, which is commonly used in the image do-
main, leads to occlusion invariant representations. The aggressive cropping creates pairs of image
patches that show different parts of an object, imitating a form of occlusion. Another example comes
from natural transformation that objects go through over time, such as changing viewpoints and de-
formations. Using temporal shift as augmentation on videos aims to be invariant to such types of
transformations.

3.2 Video Understanding Tasks

In the previous section, we have layed the groundwork of video representation learning. An ideal
representation should extract high-level information describing the contents of the input data accu-
rately. However, there typically is no ground-truth representation that we can compare the learned
model with; in fact, the optimal representation may depend on the target task at hand. Therefore, the
most common quantitative evaluation of video representations is performed via downstream tasks,
i.e. different video understanding tasks of interest. Here, our assumption is that improved represen-
tations, which represent videos more thoroughly, encompass useful features for the downstream task
and consequently lead to a better performance. In the following, we will go over the three video
understanding tasks considered in this thesis, starting with the most common and widely adopted
action recognition downstream task in Section 3.2.1. Another popular evaluation is a video retrieval
task, which we describe in Section 3.2.2. Both of these tasks assume a set of short trimmed videos,
specifically on datasets which are inherently biased towards static features. Therefore, to evaluate
the learned representations more thoroughly we consider temporal action segmentation as another
downstream task in Section 3.2.3.

3.2.1 Action Recognition

Action recognition is one of the most prevalent video understanding tasks and has become the de
facto evaluation of video representations. Most commonly, it involves short trimmed videos showing
a single action being performed and the objective is to assign each video a single action label of a
pre-defined set of possible actions C = {cy,...,¢;}.

Finetuning Evaluation. Formally, the task is to train a model m : V — C that maps a video v € V
to its corresponding action class ¢ € C. In the context of video representation evaluation, the classi-



36 Chapter 3. Preliminaries

fication model m is composed of the pretrained feature extractor fy : V — Z, also called backbone,
that was obtained through the self-supervised learning stage, followed by a subsequent classification
head dyction : £ — C. The classification head dycon can be a linear layer or an MLP (we use a linear
layer throughout the thesis) and is parameterized by ¥. The full model m = dyction © fo is conse-
quently parameterized by (¢, #), the weights of the classification head and the pretrained weights of
the backbone, and trained end-to-end on the classification task in a fully supervised setting:

(9*,0%) = argmin E (logp(m(v) = ¢)). (3.11)
(9,0)
The above evaluation paradigm is referred to as finetuning: The pretrained model weights 6 serve
as an initialization 6, to the backbone model. While this establishes a practical form of video
representation evaluations — afterall this is what we would do in a real world application to boost
performance as much as possible — it is a rather uncontrolled evaluation and prone to overfitting on
small datasets.

Linear Evaluation. Alternatively, we can evaluate video representations under a linear evaluation
protocol (often referred to as linear probe): Here, fy serves as a frozen feature extractor and only the
classification head d¢ion 1 trained:

¥* = argmin E (log p(m(v) = ¢)) . (3.12)
9

This paradigm evaluates the linear separability of the learned representation with respect to the action
classes. A drawback of this approach can be that it prevents early layers to adapt to different input
distributions when evaluating on datasets different from the pretraining dataset.

Layer-wise Evaluation. A trade-off between the two evaluation schemes above can be to freeze the
pretrained model only up to some layer f (k) and training the remaining layers and the classification
head from scratch:

(0, 0i1,...,07) = argmin E (logp(m(v) =c)). (3.13)
(ﬂ’0k+17“"0l)

This evaluation was primarily proposed in the image domain (Noroozi and Favaro, 2016) and allows
for a more comprehensive evaluation which gives better insights into the learned representations at
different layers of the backbone. It is well known that deep neural networks learn a hierarchy of
features, in which early layers extract more low-level local features which tend to be general-purpose
features, while later layers capture more abstract concepts that enable the model to solve the training
task (Yosinski et al., 2014). Thus, a higher performance in early layers indicates better low-level
general-purpose features, while the later layers reveal how well the self-supervised pretraining task
is aligned with the downstream target task.

3.2.2 Video Retrieval

The parametric evaluation in the previous section comes with several drawbacks: The exact choice of
the framework used for finetuning influences the final accuracies substantially; an apples-to-apples
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comparison between different methods is impossible. Although, the linear probe evaluation miti-
gates this problem to some extend, it poses strong assumptions on what the ideal representation space
should look like, i.e. linear separability with respect to the action classes, even if non-linear separabil-
ity can be sufficient in practice. On top of this, and perhaps surprisingly, the training regime used for
training the linear layer influences the classification accuracy as well (Kolesnikov et al., 2019). For
this reason, a non-parametric nearest-neighbor video retrieval evaluation has been adopted in the lit-
erature, typically performed on the same datasets that are used in the action recognition downstream
tasks.

In this evaluation, the pretrained backcone serves as a feature extractor and is kept fixed. For a
given dataset D = {(v1,¥1),.-., (vn,yn)} of video and action label pairs, we first extract features
for all videos in the dataset, {(z1,y1),- .-, (2n, Yn)}. We divide the dataset into a training set and a
test set D = Dyin U Drest and denote the training and test videos by Viin and Vi, respectively.
Then, we compute the Recall@k (R@Fk) in the following way. For each video vest € Viest in the test
set we retrieve the top k nearest neighbors:

k .
Np = argmax > sim(vies, vi), (3.14)
nglmin:‘vl:k 'UiEV

and count a correct retrieval if at least one video in /\/Zfegl is of the same class

1 e NF e(yy) = >1
SUCCCSS(Utest, /C) _ [{vi Vtest c(vi) = c(vest) §| : (3.15)
0 else
where c(v;) = y; determines the label y; € C of v;. If the retrieval was successful

(i.e. success(viest, k) = 1) we consider the video v correctly classified. The R@Fk is then com-

puted as
R@k = N success (Vest, k). (3.16)
Veest| , 5,
Note that R@k does not measure the precision of the retrieved videos, i.e. how many videos
in ./\/;ﬁest are of the same class. Therefore, we supplement the reported R@k values with precision-
recall-curves throughout the thesis. To that end, we compute precision and recall for all values of &
and plot the resulting curves. In this setting, precision and recall are calculated as it is the standard
approach in retrieval — precision is the fraction of relevant instances among the retrieved instances,

while recall is the fraction of relevant instances that were retrieved — averaged over the test set:

precision@k — — Hvi € N €vi) = clven)} (3.17)
|VteSt| Vtest€ Veest k: ’
recall@k = L [{vi € Nqﬁ“‘  e(vi) = e(vew)}| (3.18)
|Vtest’ e Viest ’{Uz € Virain : C(Ui) = C(Utest)}’

3.2.3 Temporal Action Segmentation

Merely evaluating video representations on action recognition datasets does not assess the quality
of the learned representations very thoroughly: the commonly used datasets are inherently biased
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towards static features (Li et al., 2018) and a sparse, global sampling strategy (Wang et al., 2019b)
works sufficiently well — even in extreme cases when only a single frame is used. Temporal infor-
mation seems to be less important for these datasets and therefore does not provide a reasonable
approach to evaluate temporal features in video representations. Therefore, in Chapter 6, we propose
to extend the standard evaluation protocol via action recognition with a temporal action segmentation
downstream task.

Action segmentation differs from action recognition is various ways: First, it is typically per-
formed on long untrimmed videos opposed to pre-segmented short ones in action recognition. Sec-
ond, it has a very different label space: In contrast to action recognition, where we have a single
global action label per video, temporal action segmentation aims to predict a sequence of actions
and their temporal locations in the video. Namely, these are dense annotations, i.e. we have a sin-
gle action label per frame. Together this makes action segmentation an especially challenging task:
Untrimmed videos tend to share many visual cues over time; they often show a similar background
and actors and objects are visible throughout the video. Different actions within a single video are
often distinguishable only via subtle variations. Furthermore, the pretrained backbone only serves
as a frozen feature extractor here, allowing us to better evaluate its ability to represent such small
temporal variations. We extract framewise features while keeping the input resolution of the pre-
trained model intact, and then train a separate action segmentation model on top of the framewise
features. More specifically, the models that we use throughout this thesis are 3D-CNNs, which take
a sequence of L frames as input at a time. To compute the features for video frame z; at time ¢, we
take a temporal window around it (xtf Ly Ty L ) and feed it to the backbone fp to compute the
features z; (where the index ¢ refers to the time index). In principle, any temporal action segmenta-
tion model can now be trained on top of these framewise features; we opt for the popular MS-TCN
method (Farha and Gall, 2019) in our experiments in Chapter 6 and further evaluate the features
using our UVAST method in Chapter 7.

3.2.3.1 Problem Formulation

Formally, the action segmentation task can be defined by a set of input videos, which are repre-
sented by sequences of framewise features (z1,...,27), and a target output sequence of action
segments; the task is to train a model to map the set of framewise features to its corresponding
sequence of action segments. The sequence of action segments can be represented as pairs of action

labels and segment lengths, ((¢1,11),..., (ck,lx)), or triplets of action labels, start and end times,
((c1,s1,€1),-..,(ck, Sk, €k)), or equivalently, it can be given as a sequence of framewise action
labels (y1,...,yr). We can easily convert any of these representation forms into another. Cur-

rent state-of-the-art methods predict framewise action labels, whereas we aim to directly predict the
higher-level form of action label and segment lengths pairs in Chapter 7.

3.2.3.2 Evaluation Metrics

Next, we will introduce the metrics that we use throughout the thesis to evaluate the quality of the
predicted segmentations. We denote the ground truth labels by ((¢1, 51,€1), ..., (¢k, Sk, €x)) and
(71, -..,yr) for segment-level and frame-level label representation, respectively. Analogously, we
denote the predicted labels by ((c1, $1,€1), .-+, (Cm, Sm, em)) and (y1,...,y7).



3.2. Video Understanding Tasks 39

Framewise Accuracy. The most commonly used evaluation metric is framewise accuracy (Acc),
which simply computes the accuracy over all frames in the test set. Although, it gives a basic rating
of the quality of the segmentation, it does not portray a thorough picture as it is insensitive to over-
segmentation errors and results are dominated by longer action classes. Over-segmentation occurs
when a longer segment is chopped up into several shorter ones due to only a few misclassified frames.
Although, this scenario is clearly sub-optimal and can potentially be very problematic in applications,
the impact of the few misclassified frames is relatively small compared with the many correctly
classified frames in the segment. The same effect occurs for short vs. long action segments.

Segmental Edit Score. A more thorough evaluation metric which better reflects over-segmentation
errors is the segmental Edit score, proposed by Lea et al. (2016b), which measures how well the
model predicts the order of action segments. This metric evaluates the quality of the predicted
transcript, i.e. (c1,...,¢n), and compares it with the ground truth transcript (¢1,...,¢) via the
Levenshtein distance. Intuitively, the Levenshtein distance counts the minimum number of edits,
i.e. insertion, deletion or substitution, required to transform one transcript into the other. To obtain
the Edit score the Levenshtein distance is normalized by the maximum length of the two transcripts.
Formally, we compute the Edit score between predicted and ground truth transcript as

k itm =0,
m if k=0,
LeV(<CQ,...,Cm),(ég,...,ék ) ifCl :61,

LCV((Cl, A ,Cm), (61, A ,Ek)> =<

Y

Lev((ca, ... cm)
1 +min | Lev((ci,...,¢m), (C2y. .., Ck)), otherwise
Lev((ca, ... cm), (Coy. ., Ck))

(3.19)

Edit((c1,. .., cm), (E1,. ... 6)) = (1'— LCV(QH’QQQ;Zinght"’6k)> - 100. (3.20)

Naturally, over-segmentation will be better reflected in this metric as each interruption of a
segment will be present in the transcript as well — regardless of how short this interruption may
be. Similarly, the Edit score is not impacted by the lengths of action segments. However, this
measure can be insensitive to the alignment of predicted and ground truth segments since it does
not take segment lengths into account. To get a better intuition, consider the extreme example:
A predicted segmentation of ((cy,90), (¢c2,5), (¢3,5)) does not overlap well with the ground truth
((c1,30), (c2,40), (c3,30)), but gives a perfect Edit score of 100.

Segmental F1 Scores. On the other hand, F1 scores, proposed in (Lea et al., 2017), establish a more
comprehensive measure as it is based on the high-level sequence of action segments but also takes
the segment lengths into account. It penalizes over-segmentation and is insensitive to the lengths of
action classes, while also reflecting alignment of action segments without being overly restrictive.
For each predicted segment (¢, 5,¢€) we determine whether it is a true or a false positive by
taking a threshold p on its intersection over union (IoU) with the corresponding ground truth segment
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(¢, s, e), which is computed in the following way:

(c,5,€)[1(¢,5,€) _ min(e,e) — max(3, s) (3.21)

G, 5, €
IoU =
© (¢,s,e)|J(¢ 8,6) max(é, e) — min(s, s)

If the IoU exceeds the given threshold p, we count it as a true positive; if there is more than one
predicted segment that meets this criterion for a single ground truth segment, only one of them is
counted as true positive and the others as false positives. Then, we can compute the precision and
recall to obtain the F1 score given the total number of true positives (TP), false positives (FP) and
false negatives (FN):

TP
preCiSion = W, (322)
TP
l=——— 3.23
e = TP L FN (3.23)
Fl =9 precision - recall (3.24)

precision + recall”

In Chapters 6 and 7, we report the F1 scores at different overlapping thresholds 10%, 25%, 50%,
denoted by F1@10, F1 @25, F1 @50, respectively. By taking thresholds we make sure not to penalize
small temporal shifts between the predicted and ground truth segments; the boundaries between
actions are naturally blurry and the perceived ground truth boundary may vary from person to person,
therefore, small shifts do not indicate a false prediction.

3.3 Neural Network Architectures for Video Models

Modern video understanding models are based on deep neural networks. In the following, we will
recap the neural network architectures that we use throughout the thesis. Our backbone networks in
Chapters 4, 5 and 6 are based on different variants of ResNet (He et al., 2016), which we revisit in
Section 3.3.1. Additionally, our model in Chapter 4 uses a gated recurrent model, which we review
in Section 3.3.2, on top of the ResNet backbone to aggregate features. Our model in Chapter 7 on
the other hand, is based on a Transformer model (Vaswani et al., 2017), see Section 3.3.3.

3.3.1 Deep Residual Networks

Arguably, one of the most famous deep learning architectures is the deep residual network
(ResNet) (He et al., 2016), which achieved state-of-the-art performance on several image classifi-
cation and detection tasks and has become one of the go-to models for many computer vision tasks.
The core idea of ResNets is the residual layer with an identity shortcut connection that adds the out-
put of the previous layer to the output of the current layer. As a result, the layers do not need to fit an
underlying mapping directly but only the residual mapping, which is easier to optimize and enables
the training of very deep networks. Due to their immense success on image related tasks, ResNets
have been adapted to the video domain as well (Hara et al., 2018). We will first review the traditional
ResNet architecture designed for images, which we use in the experiment section of Chapter 5, and
then discuss the adaptations to video input.
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Layer Name ResNet-18 ResNet-50 (2D)3D-ResNet18
convl 7 x 7,64, stride 2 {1,7} x 7 x 7, 64, stride (1,2, 2)
3 x 3 max pool, stride 2 {1, 3} x 3 x 3 max pool, stride ({1, 2},2,2)
[1x 1,64 ]
3 x 3,64 ’ {1,3} x 3 x 3,64
conv2_x [ ’ ]x? 3x3,64 | x3 [ ’ ’ ]xQ
3 x 3,64 1% 1,256 {1,3} x 3 x 3,64
_ - [1 x 1,128
3 x 3,128 ’ {13}><3><3128]
conv3_x ’ X 2 3x3,128| x4 [ ’ ’ x 2
|3 x 3,128] 1% 1,512 {1,3} x 3 x 3,128
convi_x 3 % 3,256 X 2 ;z;’zgg x 6 [3X3X3’256] X 2
|3 x 3,256 | 11,1024 3 x 3 x 3,256
3 % 3,512] 1> 1,512 3% 3 x 3,512
conv5_x 3% 3 512 X 2 3x3,512 | x3 3% 3 %352 X 2
L2 7 S 9nal | 1 x 1,2048 | ’
fc global avg pool, n-dim. fully connected, softmax

Table 3.1: ResNet Architectures. Each convi_x block denotes a residual block, consisting of
several convolutional layers; k x k, C' specify their kernel size and output channels, respectively.

A single residual block is composed of a function approximating the residual function and the
identity:
y = fo,(x) + z, (3.25)

where x and y are the input and output of the block, respectively. In some cases, the output dimension
of fp,(x) can be different from = and we need to modify Eq. (3.25) to

y = fo,(x) + Wiz, (3.26)

using a linear projection with weights W;. The function fg, typically consists of several convolu-
tional layers, followed by BatchNorm (loffe and Szegedy, 2015) and ReLU activation. The detailed
architectures of ResNet-18 and ResNet-50 can be found in Table 3.1. The first conv1 layer consists
of a single 7 x 7 convolution with 64 output channels applied with a stride of 2. Each convi_x
block in Table 3.1 denotes a residual block, consisting of several convolutional layers, where k x k
and C specify the kernel size and output channels of the convolutional layer, respectively. After the
last residual block, the feature map is global average pooled into a single feature vector and a linear
classification head is applied for classification.

Hara et al. (2018) adapt this architecture to the video domain by modifying the 2D convolutional
layers to 3D ones, i.e. the k x k filters are altered to k x k& x k. Furthermore, the temporal stride
in convl is reduced to 1, while the spatial stride remains 2. While Hara et al. (2018) propose to
replace all 2D convolutions with 3D convolutions, intermediate adaptations are possible. The 2D3D-
ResNet version used in (Han et al., 2019) that we adopt for our experiments in Chapter 4, keeps the
2D convolutional layers in convl, conv2_x and conv3_x (i.e. with kernel size 1 x k x k), and
only replaces those in conv4_x and conv5_x with 3D filters (k x k x k).
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3.3.2 Gated Recurrent Units

Recurrent neural networks (RNNS) are especially useful when dealing with variable length data,
such as language or videos. They process one element of the sequence at a time and keep a recurrent
hidden state that is dependent on the previous elements in the sequence. Vanilla RNNs are difficult
to train to capture long-term dependencies over the sequence; two popular models that overcome this
problem are long short-term memory (LSTM) networks (Hochreiter and Schmidhuber, 1997) and
gated recurrent units (GRUSs) (Cho et al., 2014). In Chapter 4, we use a GRU to aggregate features
of several consecutive video clips into a single feature vector.

GRUs use a gating mechanism that controls the information flow: an update gate that controls
how the hidden state is updated and a reset gate that modulates the current hidden state. More
specifically, given an input sequence of clip-level features (21, .. ., z,) and an initial hidden state hy,
we compute the update gate u; and reset gate 7

Ut = U(Wu[zta ht—l])7 (3.27)
ry = O'(Wr [Zt, ht—l]); (328)

where W,,, W, define linear mappings and o is computed element-wise. Then, a candidate activation
hy is computed
ht = tanh(W[zt, Tt ® ht—l])7 (329)

where (© is element-wise multiplication. The new hidden state h; is a linear interpolation between
the previous h;_1 and the candidate activation h;:

hy = (1 — Ut)htfl + uthLt. (3.30)

The final hidden state h,, provides an aggregated global representation of the full input sequence

(217 SRR Zn)'

3.3.3 Transformer

The Transformer architecture (Vaswani et al., 2017) has become the de-facto architecture for many
natural language processing tasks, and has recently achieved impressive results on vision related tasks
as well (Dosovitskiy et al., 2021; Liu et al., 2021a). The vanilla Transformer architecture takes as
input a sequence of (word) tokens, forwards them through several self-attention layers in the encoder
module, and then translates them to the output sequence using an auto-regressive decoder with cross-
attention layers. The self- and cross-attention layers allow the Transformer to model dependencies
between each element in the sequence and all other elements. In the following, we first introduce
the basic building blocks of Transformers before diving into the details of our architecture used in
Chapter 7.

Attention. The attention mechanism is the most important component of Transformers — both en-
coder and decoder layers are built on it. The attention mechanism takes a set of n query vectors
Q € R™"*%, each of dimension dy,, and m key-value pairs K € R™*% V ¢ R™*%  We compute
the attention between @), K,V as

T
Attn(Q, K, V) = softmax <C\2/I§T€ ) V. (3.31)
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Intuitively, the dot-product inside the softmax evaluates the similarities between all queries and keys —
this allows all elements in the sequence to interact with all other elements — and computes a weighted
average of the values based on those similarities.

In most cases, several such attention mechanisms are applied with multiple heads, referred to as
multi-head attention. Each head; linearly projects the dpo4ei-dimensional queries, keys and values to
dimension dy, d, d,, using projection matrices WZ-Q, WiK € Rémoaer ¥ dk gnd WZ-V € Rfmoaeixdv - The
outputs of all heads are concatenated and projected back to the original dimension using a projection
matrix WO e Rdv X dmode;

MHA(Q, K, V) = Concat(head;,, . .. ,headh)WO, (3.32)
head; = Attn(QWE, KW/, vw)). (3.33)

We use two different variants of attention in the encoder and decoder model, which mainly differ
based on which input is used as queries, keys and values. Namely, the encoder model employs so-
called self-attention layers, where (), K,V are linear projections of the output of the previous layer,
i.e. they are obtained from the same sequence. While the decoder employs self-attention as well,
it additionally contains cross-attention layers to enable information flow between the encoded input
sequence of the encoder model and the output sequence of the decoder model: Here, the queries are
obtained from the previous decoder layer and the keys and values come from the encoder output.

Encoder. Suppose & € R"*%modl is the input to the current encoder layer. We first compute the
multi-head attention of the projected queries, keys and values using W&, W WV e Rmodel X dmoder
followed by LayerNorm (Ba et al., 2016) and a residual connection:

Fmha = MHA(EW®, zWE WV, (3.34)
& = LayerNorm(Z + Zmha)- (3.35)

We then apply a two-layer fully connected feed forward network (FFN) with ReLU activation be-
tween the two layers, again followed by LayerNorm and a residual connection to obtain the output
Tout Of the layer:

Zoy = LayerNorm(z + FFN(%)). (3.36)

The complete encoder model consists of N such layers E,, that are applied consecutively. Given the
embedded input sequence z € R™* ol it first supplies = with a sinusoidal positional encoding pe
of the same dimension as x and then passes it through all /V layers to obtain encoded features e:

e=(Enxo---oE)(x+ pe). (3.37)

With the help of the self-attention mechanism the encoder can model long-range dependencies in e
between all elements of the input sequence . While the traditional Transformer model used in the
natural language processing domain takes as input a sequence of word tokens, our model in Chapter 7
processes a sequence of frame-wise features z € R"*%. We embed this input sequence using a linear
layer L : R — R%mowel | which we apply to each feature vector in the sequence independently.
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Decoder. The task of the decoder is to translate the input sequence to a desired output sequence. It
receives two inputs: The output e € R™*%motel of the encoder model and the current embedded output
sequence y € R¥*dmosel yp to element k (the first element if a start-of-sequence token). A single layer
takes the output of the previous layer y and e, and similar to the encoder first computes multi-head
self-attention and residual connection on §:

Jmha = MHA(GW @, gW s gV, (3.38)
y = LayerNorm(J + Umna)- (3.39)

Since we apply the decoder auto-regressively during inference, we want to prevent acausal informa-
tion flow, which is typically achieved by masking out all values in the attention that form acausal
connections. Next, a cross-attention mechanism between y and e is employed. Here, the queries
come from the decoder features ¢, while keys and values come from the encoder features e:

Gmha = MHA (WY eWE ewV), (3.40)
fica = LayerNorm(§ + 9mha), (3.41)

followed by the feed forward network and residual connection to obtain the output yo,; of the layer:
Your = LayerNorm(gca + FFN(gca))- (3.42)

The decoder supplies the sequence y with a sinusoidal positional encoding pe first, and then
passes it together with the encoded features e through NV decoder layers D,,.

z=(Dyo---0Dq)(y+ pe,e). (3.43)

Finally, a linear layer and softmax are applied on z to obtain the output probabilities.
For our transcript decoder and alignment decoder in Chapter 7, we use 2 and 1 layers, respec-
tively.

Hierarchical Encoder. The above models constitute the vanilla Transformer model of (Vaswani
et al., 2017). For our experiments in Chapter 7, we further use an encoder model inspired by (Yi
et al., 2021), which modifies the vanilla encoder in several ways. The modified model is illustrated
in Figure 3.2. First, we insert a dilated temporal convolution with dilation rate 2° in each layer 1,
followed by GeLU activation. Then, we apply InstanceNorm (Ulyanov et al., 2017) instead of Lay-
erNorm before the single-head self-attention instead of after. The feed forward network is replaced
by a1 x 1 convolution, followed by another dilated convolution and GeLU activation. LayerNorm is
dropped in this step.

The most significant modification is within the self-attention layer: In contrast to natural language
processing, our input sequences are much longer, consisting of thousands of frames, which makes
it very difficult for the model to focus on meaningful locations in the sequence. Therefore, the self-
attention is restricted to a local window around the query. We use windows of size 2+ + 1 in the
i-th layer. More specifically, we adjust the attention in Eq. (3.31) in the following way. Recall, that
the self-attention mechanism is computed on a set of n query, key and value vectors Q = ZW©< €
R %dmodel  [{ = FWE ¢ R?¥dmosel | |V = FWV e R"*model, To compute the attention of the j-th
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Figure 3.2: Modified Transformer Encoder Model. In Chapter 7, we use a modified version of
the encoder model proposed in (Vi et al., 2021). Specifically, we modify the encoder block of the
vanilla Transformer model in several ways: First, we insert a dilated convolution, followed by a Ge LU
activation before computing the self-attention. Instead of LayerNorm we use InstanceNorm (Ulyanov
et al., 2017) before the single-head self-attention rather than after. We further replace the FFN by a
1 x 1 convolution, followed by another dilated convolution and GeLU activation. Furthermore, we
restrict the self-attention mechanism to a local window around the query.

query @; we consider the keys and values in a local window around j, i.e. (K;_gi,..., K i) and
(‘/}',Qi, ey ‘/}'+2i):

‘/}72i,...7‘/3+2i). (344)

Attn(Q, K, V'); = softmax
dmodel

Qj(Kj_Qi, e ,Kj+2i)T> (
Compared to the encoder model in (Y et al., 2021) this version uses GeLU instead of ReLU activa-
tions and uses an additional dilated convolution followed by GeLU at the end of the encoder block.
We use 10 layers in total in this modified encoder.






CHAPTER 4

Self-Supervised Video Representation
Learning by Bidirectional Feature
Prediction

In this chapter, we introduce a method for self-supervised video representation learning based on
bidirectional feature prediction. While future prediction has been widely explored as a pretext task,
the unobserved past has been largely overlooked — although it may provide an equally useful source
of supervision as future prediction. To fill this gap, we propose a method that takes advantage of
both future and past frames to derive a challenging task, which encourages the model to focus on
the temporal structure of videos. Given a set of present frames, the model should not only be able
to reason what has happened prior to the current events and what is going to happen in the imme-
diate future, but also be able to distinguish between past and future events. We pose this task in a
contrastive learning setting, where we ask the model to jointly predict past and future features and
distinguish between a reversed order of future and past via temporal hard negatives. We demonstrate
the effectiveness of our method empirically via several downstream tasks.

Individual Contribution

The following chapter is based on the publication (Behrmann et al., 2021b):

Unsupervised Video Representation Learning by Bidirectional Feature Prediction
Nadine Behrmann, Juergen Gall, and Mehdi Noroozi
IEEE Winter Conference on Applications of Computer Vision (WACV), 2021.

This publication was done in very close collaboration between Mehdi Noroozi and Nadine
Behrmann. Juergen Gall provided scientific guidance and supported this work with very valuable
feedback and suggestions. The initial idea to exploit unobserved past frames for self-supervised
video representation learning was proposed by Mehdi Noroozi and was initially targeted mostly
towards distinguishing between past and future given present. The method was then further refined
in joint discussions between Mehdi Noroozi and Nadine Behrmann. The empirical evaluation was
implemented and carried out by Nadine Behrmann.
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Figure 4.1: Effect of Past and Future Prediction on the Feature Space. The proximity of the
features depicted in the gray feature space indicates their (dis-)similarity. For an ideal embedding
space we desire that I) past, present and future are similar and II) past and future are distinguishable
given present. We consider three approaches to construct positives and negatives for the present
feature z,: Disjoint prediction (yellow circles), which only satisfies (I), requires past 2, and future
zf to be distinguishable from random z,. Past as negatives (red crosses) only fulfills (II). Here,
distinguishing past and future comes at the cost of dissimilarity of the past feature to present and
future, implicitly violating (I). Only our Joint prediction (green ticks) satisfies both (I) and (II).
Here, the combination of past and future in the right order 2, should be distinguishable from random
as well as the wrong order z,,, (promoting similarity of past, present and future, while distinguishing
the right and wrong order of future and past.)
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4.1 Introduction

Videos provide a rich source of information for visual understanding. They generously reveal to our
machines how objects interact with each other and the environment in the real world. To utilize this
information, the task of representing high-level abstractions from videos is essential to address a large
and sophisticated set of downstream tasks tied to videos, e.g. temporal action segmentation (Richard
etal., 2017).
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Self-supervised learning has recently established a promising direction for this purpose. A well
known motivation for self-supervised learning from a practical point of view is to alleviate the cost
and error of the labeling process. Moreover, learning generalizable and optimal representations can
not be taken for granted in a supervised setting — especially when representing a complex source of
information like videos. For instance, it has been shown that action labels are predictable from a
single frame to an acceptable extent (Wang et al., 2019b; Fouhey et al., 2018), providing a relatively
weak source of supervision signal for representation learning as the network is not forced to explore
temporal information of videos. In fact, the commonly used datasets are inherently biased towards
static features (Li et al., 2018), allowing the model to largely ignore the temporal structure of videos,
which, however, can be detrimental for other downstream tasks that rely on temporal information.

In contrast to the image domain, where the gap between self-supervised and supervised repre-
sentation learning has been shrunk remarkably (Chen et al., 2020b; Asano et al., 2020; Grill et al.,
2020), self-supervised video representation learning still lags behind supervised learning even re-
garding relatively simple tasks such as action recognition on short trimmed videos. Nevertheless, the
temporal structure and multi-modal nature of videos provide even more opportunities to construct
pretext tasks compared with images. While recent work on self-supervised multi-modal video rep-
resentation learning has shown to be very effective (Piergiovanni et al., 2020), we are interested in
RGB-only self-supervised video representation learning. Besides the scientific value of pure vision
based models, a practical motivation involves applications where the audio signal is not accessible,
e.g. autonomous driving.

We introduce a novel self-supervised task based on predicting the features of unobserved parts
of the data, i.e. past and future frames. Previous approaches of learning from prediction have been
limited to future observations: They aim to train a model that takes a video clip as input and predicts
some form of the contents of future frames (Mathieu et al., 2016). Our main idea involves incorpo-
rating unobserved past — an element that has been largely ignored by previous works — and future
jointly. Given a clip of a video as a present sequence, the question of what will happen in the future
frames is comparable to asking what has happened in the past in terms of abstract factors of variation
which the network needs to encode. We propose to exploit both past and future to design an even
more challenging pretext task for enriched representations.

Nonetheless, utilizing both signals is not trivial: Simply predicting past and future independently
does not stimulate the network to enhance the representations. We attribute this to the high simi-
larity between the tasks — the features which enable the prediction of the future are also sufficient
to predict the past. Another explanation can be found when viewing this task from the contrastive
learning perspective, specifically considering the role of the negatives: The feature prediction task
involves maximizing mutual information approximated mostly via a contrastive loss that compares
joint and product of the marginals of present and future/past distributions. The quality of learned
representations is highly dependent on the set of negatives (Tschannen et al., 2020b). While random
sequences form the basis for negatives, they are easily distinguishable from the matching pair via
shortcuts such as low-level statistics, edges, etc. To prevent these shortcuts, the key ingredient for
a comprehensively challenging pretext task is to construct additional negatives that are hard to dis-
tinguish — suitably referred to as hard negatives — encouraging the network to explore the structure
of the data more intensively. Disjoint prediction of past and future does not introduce a new set of
negatives compared to individual prediction of future or past, see Figure 4.1.

Instead, we propose to predict future and past jointly in a Bidirectional Feature Prediction task
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Past Present Future

Figure 4.2: Bidirectional Feature Prediction. First we apply spatial transformations 7 to past,
present and future independently, these can include random crop, horizontal flip and rotation. Then
a 3D CNN f is applied to the non-overlapping clips of frames. To obtain a video representation z,
an aggregation function g is applied to the sequence of features. We randomly sample a past and a
future clip, which is indicated by the black and gray arrows, and apply an aggregation function g to
acquire a merged representation z,s of past and future. A temporal hard negative zy, is obtained by
applying g to the swapped features of future and past. To maximize the agreement of z, and z,; we
employ the InfoNCE loss where we incorporate z, as temporal hard negative in the denominator.

(BFP). Our method establishes a connection between present frames with a pair of future and past
frames. This allows us to incorporate the wrong order of future and past as hard negatives: Given
present frames, the network should distinguish the corresponding pair of future and past not only
from randomly taken pairs but also the swapped future and past of the same video, forcing the model
to focus on the temporal structure of the present frames. Our experiments show that joint prediction
of future and past outperforms disjoint prediction on several transfer learning benchmarks.

Our contributions include: 1) We propose a novel bidirectional feature prediction pretext task for
video representation learning. 2) We extensively evaluate our proposed method on several transfer
learning benchmarks showing its superiority to its future prediction counterpart.

4.2 Method

The main motivation for our Bidirectional Feature Prediction method (BFP) is to incorporate un-
observed past frames in addition to future frames into a challenging pretext task to encourage the
model to capture the temporal structure of videos. A straight-forward prediction of past and future
is problematic as the supervisory signals arising from true data distributions suffer from ambiguity
and require the network to devote substantial capacity to model a data distribution, which is not
necessarily the optimal solution for representation learning. While this issue can be resolved by pre-
dicting the features instead of raw pixels, unobserved past and future are inherently uncertain — for
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example a person standing at a cross walk may have previously exited the book store next door or
simply walked down the sidewalk and, similarly, may decide to cross the street or continue down the
sidewalk — making the prediction quantification challenging.

To handle this stochasticity without imposing a parametric form, we employ a variant of Noise
Contrastive Estimation, InfoNCE (van den QOord et al., 2018), in which the network is asked to
distinguish the positive pair — composed of the predicted features and the actual target features —
from a set of negatives. This allows the model to capture the multi-modal distribution of the target
features without imposing it explicitly. More precisely, given a video clip we divide the video frames
into three partitions, X = (P, V, F'), each element refers to past, present, and future, respectively. We
then construct the positive and negative pairs to train InfoNCE by exploiting the joint representations
of (P, F') and leverage a temporal hard negative (based on the reversed order of future and past) to
encourage temporally structured representations.

4.2.1 Past and Future Feature Prediction

First, we explore how the two complementary supervision signals can be incorporated into a com-
prehensively challenging pretext task. This seemingly easy objective proves to be non-trivial and
deserves an in-depth discussion. A naive approach to combine past and future prediction will be in
a disjoint fashion: The task of past and future prediction is treated independently in a unidirectional
manner by simply adding the respective losses. This is equivalent to encouraging distinguishable
features of both future and past from random given present. Unfortunately, this straightforward ap-
proach does not achieve decent results, see Table 4.1. We conjecture that representations, which are
able to predict the future, are sufficient to predict the past and thus the added losses do not stimulate
the network to enhance the representations.

Instead, to encourage the model to explore the temporal structure further, we construct a pre-
text task that involves distinguishing between future and past, given present. We did not achieve
reasonable results by explicitly classifying future, past, and random pairs. Alternatively, we use the
InfoNCE loss and implicitly exploit this signal. An apparent choice is to include past features as
negative pairs, while future features form the positive pairs — effectively instructing the model to
distinguish between future and past. However, this is not an appropriate approach. Essentially, past
features should encode similar high-level global abstractions of the video (such as underlying ac-
tion, objects and people involved in the video) as those of the future. Using past as negatives entails
dissimilarity between representations of the past and present/future, see Figure 4.1, resulting in a
degenerate solution that removes such high-level abstractions shared across past, present, and future
from the representations. Our experiment termed Past as negatives in Table 4.1 confirms the poor
quality of the resulting representations of this approach. A desired solution favors distinguishable
features of future and past given present: With access to information of current events a distinction
between past and future events is achievable. To this end, we propose joint prediction of future and
past. Our model takes a pair of past/future as input, which allows temporal hard negatives of the
wrong order of future/past. Distinguishing between past/future and future/past requires the network
to encode temporal structure shared across the video such that matching temporal orders can be de-
tected. Our approach encourages the features of future and past to be distinguishable from random
as well as each other given present.
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4.2.2 Training Objective

For a given video, we build a set P consisting of positive future and past pairs. For each positive pair
(P, F') € P we consider a set /\/'( p,r) containing all negative samples, including the reverse order of
future and past (F, P). We denote the features of the present clip V' by z,, and those of past/future
(P, F') and future/past (F, P) by z,s and zy,, respectively. As suggested in (Chen et al., 2020b),
we use a small MLP head h to map the representations to the space in which the contrastive loss is
applied. We use the cosine similarity sim(z1, z2) = %m% (see Eq. (3.5)) with a temperature
parameter 7 to compare present features with those obtained from future and past,

_ 1 exp(sim(zy, 2zpf))
L= > log (exp(sim( ) . (4.1)

(P,F)eP 2oy pr)) + ZNE./\/(P,F) exp(sim(zv, Zn))

We discuss the process of constructing positive and negative pairs in the following.

Positives. P denotes a set of positive past/future clips. We obtain multiple positive pairs per
video by selecting a random clip from past and future clips, respectively. If there are m past and
future clips per video, we build m? positive pairs per video, see Figure 4.2.

Easy Negatives. We obtain easy negatives by sampling all possible combinations of past/future
and future/past clips from other videos in a batch. If there are m past and future clips per video, a
batch size of n provides us with 2m?(n — 1) easy negatives. The factor 2 emerges due to past and
future swapping.

Temporal Hard Negatives. Temporal hard negatives are obtained via swapping the order of past
and future. Consequently, we obtain the same number of temporal hard negatives per video as the
number of positives. Each set (p,r) contains all temporal negatives.

Independent Augmentation vs. Spatial Negatives. Han et al. (2019) use spatial negatives in their
method by decomposing the 4 x 4 x 256 convolutional feature map along the depth direction into
16 feature vectors of size 256, and treat all of those that do not match the corresponding spatial lo-
cation as negatives. We propose to simply apply independent (spatial) augmentations to P, V, F', and
consider a single 256-dimensional feature vector via global average pooling. Our experiments show
that simple independent augmentations achieve higher performance than complex spatial negatives.
This is inline with recent observations made by Misra and van der Maaten (2020). Spatial negatives
aim to learn features variant to the spatial location; independent augmentations aim to learn features
invariant to the spatial location. Moreover, the major drawback of spatial negatives is the following:
They encourage the feature vectors to represent local descriptors. The feature vectors should be dis-
tinguishable across spatial locations of the feature map since they are injected as negatives in the loss
function. This assumption might be useful in the early layers where the receptive fields of neurons
are small. However, in the later layers where the receptive field grows, a global feature is favorable
— otherwise high-level features that are shared across the patches run the risk of being removed from
the representation. Our experiments in Table 4.3 verify that indeed the features learned via spatial
negatives transfer poorly to the downstream task in the later layers.
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4.2.3 Connection to Mutual Information Maximization

The InfoNCE loss has been shown to be a lower bound of mutual information (Poole et al., 2019).
From this point of view, our loss in Eq. (4.1) can be interpreted as mutual information maximization
of the features extracted by f:

max  1(f(V). (P, F). 4.2)

A correct lower bound is obtained when the negative pairs are built via sampling from the product
of the marginals. Our temporal hard negatives are not sampled independently from the present clips,
imposing an incorrect approximation of the mutual information. However, this is not counterproduc-
tive. As it has been recently shown (Tschannen et al., 2020b), the effectiveness of the InfoNCE loss
for learning representation is not necessarily tied to the accuracy of mutual information estimation.
Structured hard negatives which are not sampled from the product of the marginals contribute to the
quality of the learned representations more than an accurate estimation of mutual information. We
could not achieve decent results without temporal hard negatives, see Table 4.6, confirming the same
argument.

4.3 Experiments

Following the common practice in self-supervised video representation learning, we evaluate our ap-
proach on the downstream task of action recognition. During the self-supervised pretraining stage
we discard the labels of the dataset and train a model using Eq. (4.1). Note that although we drop
the class labels, a supervision bias remains in the dataset, e.g. the videos in Kinetics-400 are tem-
porally trimmed and carefully selected. However, this is a widely adopted approach and we follow
previous works in order to do fair comparisons. To evaluate the learned representation, we transfer
the pretrained network, including the 2D3D-Resnet18 backbone f and aggregation function g. We
add a linear layer on top of the resulting feature vector and evaluate our network for action recog-
nition on labeled data. We follow two paradigms: 1) We finetune the entire network with randomly
initialized linear classification layer for the task of action recognition, using a reduced learning rate
for pretrained layers. 2) Additionally, we evaluate the quality of the representations layer-wise by
freezing the pretrained network up to some layer, and training the remaining from scratch. This eval-
uation was primarily proposed by (Noroozi and Favaro, 2016) in the image domain. Our experiment
on Kinetics-400 allows a more comprehensive evaluation of the quality of learned representations
as it gives a better insight into the learned representations. It is well known that the early layers of
CNNss extract general and local features whereas later layers are more specific to the training task
and dataset (Yosinski et al., 2014). A better performance on the downstream task of the later layers
indicates higher correlation of pretext and downstream task.

4.3.1 Implementation Details

Network Architecture. For fair comparisons, we use a 2D3D version of ResNet18 as in (Han et al.,
2019) that consists of 3D convolutions only in the last two layers. The video sequence is divided into
non-overlapping blocks of frames. We extract convolutional features from the blocks via a shared
2D3D-ResNet18, f. To create the final features, we aggregate the extracted convolutional features via
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one-layer Convolutional Gated Recurrent Units (ConvGRU) with kernel size 1. We found that using
a separate aggregation function for past/future blocks achieves slightly better results, see Table 4.5.
Consequently, we construct the final feature of present blocks as z, = (g o f) (V), and past/future
blocks as z,¢ = (go f) (P, F), where g, § denote aggregation functions of present and past/future
blocks respectively. As ¢ is non-symmetric, we can apply it to the reverse order of future/past to
obtain a temporal hard negative zy, = (go f) (F, P), which will be discussed below. Figure 4.2
shows all components of our method.

Implementation Details. We use similar self-supervised learning and evaluation settings to (Han
et al., 2019), our most important baseline. We extract 8 blocks of 5 frames from a video sequence
and split them in the following way. The 4 middle blocks are used as present video sequence, while
we sample single past and future blocks at different temporal distances to the present from the re-
maining blocks. In this case, we have 4 positive pairs per video and 4 corresponding negative pairs.
During self-supervised learning we apply random crop and horizontal flip, as well as frame-wise
color jittering and random downsampling of the frame rate, where we sample video frames with a
random stride of at most 3. For finetuning we keep the random crop and horizontal flip, but apply
consistent color jittering at the video-level and sample frames with a constant stride of 3. In the
case of spatial negatives, the spatial transformations crop and horizontal flip are applied consistently
to the entire video. As discussed above, we propose to augment past, present, and future video se-
quences independently, resulting in more robust representations. We conduct experiments with both
settings. Note that spatial negatives can not be combined with independent spatial transformations
since they require spatial correspondence. During self-supervised training, we map the features to
the contrastive space using a small MLP head, consisting of 256 hidden units and a ReLU activation
function. After self-supervised training, the MLP is discarded and only the backbone and aggrega-
tion function are transferred to the downstream task. For the downstream task, we use the same input
structure of video blocks as during self-supervised training. For both self-supervised training and
finetuning, we use a batchsize of 64 and the Adam optimizer (Kingma and Ba, 2015) with a learning
rate of 10~3 and weight decay 10~°. We reduce the learning rate by a factor of 10 when the validation
loss plateaus. For the layer-wise evaluations we use SGD with an initial learning rate of 0.1, a weight
decay of 1072, a momentum of 0.9 and a learning rate scheduler. For self-supervised training, we
train the network for 100 and 470 epochs on Kinetics-400 and UCF101, respectively. For finetuning,
we follow (Han et al., 2019) and fix the number of epochs to 300 and reduce the learning rate to 104
for the pretrained weights. During inference, we divide videos from the validation set into blocks of
5 frames and construct half-length overlapping sequences of blocks that are fed to the model. We
remove augmentations and only use center crop. We average the softmax probabilities to obtain the
final classification scores.

4.3.2 Finetuning on UCF101 and HMDBS51

A most widely used framework of self-supervised learning involves obtaining an initialization from
a large scale unlabeled dataset, and finetuning on a small annotated target dataset. We consider
UCF101 (Soomro et al., 2012) and HMDBS51 (Kuehne et al., 2011) as the standard benchmarks in
this domain. We report numbers on split 1 for both datasets.
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topl Accuracy

Method on UCF101
Future prediction 61.3
Past prediction 60.1
Disjoint prediction 60.1
Past as negatives 57.6
Ours 63.6

Table 4.1: Past and Future Prediction. Experiments were conducted on UCF101 (both for pre-
training and finetuning), using spatial negatives. Future prediction refers to the DPC method trained
with our implementation details, while Past prediction denotes the DPC method applied to predicting
past features. Disjoint prediction constitutes the added losses of past and future prediction and Past
as negatives refers to InfoNCE trained with future features as positives and past features as negatives.

Pretraining on UCF101. The main motivation of self-supervised learning is to take advantage of
large scale unlabeled datasets. Therefore, pretraining on a small dataset such as UCF101 does not
establish a plausible framework. Following the community, we aim to quickly validate the design
choices of our bidirectional feature prediction task in the following experiments. To that end, we pre-
train different self-supervised tasks on the UCF101 dataset and evaluate the learned representations
via finetuning on the same dataset for the task of action recognition. We show the results in Table 4.1.
All methods are trained using the same pretraining hyperparameters, including network architecture,
number of pretraining epochs, and finetuning strategy in order to allow conclusive and fair compar-
isons. For the same reason, we employ spatial negatives for all methods in this specific experimental
setup. First, we compare our method to past and future prediction. The future prediction corresponds
to the DPC method using our implementation details, which improves slightly over the original im-
plementation (Han et al., 2019). The past prediction is the same task but the unobserved past frames
are used instead of future frames. While both future prediction and past prediction learn representa-
tions that prove to be useful for action recognition, simply adding the two losses (Disjoint prediction)
does not improve the quality of the representations, suggesting that both tasks can be solved with a
similar set of features. Another naive approach of incorporating both supervisory signals is to use
past features as negatives in the InfoNCE loss, while only the future features are treated as positives,
which implicitly requires the network to distinguish between past and future. However, this approach
leads to weaker representations by removing high-level abstractions shared across past, present and
future, shown as Past as negatives in Table 4.1. This demonstrates that unseen past frames provide a
valuable supervision signal, but incorporating both past and future prediction in a comprehensively
challenging task is non-trivial. In contrast, our method based on bidirectional feature prediction im-
proves the performance on the downstream task of action recognition, validating our design choices.
While we outperform unidirectional prediction, our method is slightly inferior to VCOP (Xu et al.,
2019), see Table 4.2. However, note that VCOP employs the R3D architecture that includes 3D con-
volutions in all layers whereas our 2D3D-Resnet18 uses 3D convolutions only in the last two layers.
Their network consumes more memory and computations compared to ours.
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Self-Supervised Methods topl Accuracy
Method Architecture  Pretraining Dataset | UCF101 HMDBS51
Shuffle&lLearn (Misra et al., 2016) CaffeNet UCF101/HMDB51 50.2 18.1
OPN (Lee et al., 2017) VGG UCF101/HMDB51 59.8 23.8
O3N (Fernando et al., 2017) AlexNet UCF101 60.3 32.5
VCOP (Xu et al., 2019) R3D UCF101 64.9 29.5
3DRot (Jing and Tian, 2018) 3D-R18 Kinetics-600 62.9 33.7
3D-ST-Puzzle (Kim et al., 2019) 3D-R18 Kinetics-400 65.8 33.7
VIE (Zhuang et al., 2020) 3D-R18 Kinetics-400 72.3 44.8
LA-IDT (Tokmakov et al., 2020) ~ 3D-R18 Kinetics-400 72.8 44.0
Temp Trans' (Jenni et al., 2020) 3D-R18 Kinetics-600 79.3 49.8
RSPNet' (Chen et al., 2021a) 3D-R18 Kinetics-400 74.3 41.8
MFO (Qian et al., 2021a) 3D-R18 Kinetics-400 79.1 47.6
TimeEq" (Jenni and Jin, 2021) 3D-R18 Kinetics-400 87.1 63.6
ASCNet' (Huang et al., 2021) 3D-R18 Kinetics-400 80.5 52.3
TCLRT (Dave et al., 2022) 3D-R18 Kinetics-400 85.4 55.4
DPC (Han et al., 2019) 2D3D-R34  Kinetics-400 75.7 35.7
MemDPC (Han et al., 2020b) 2D3D-R34  Kinetics-400 78.1 41.2
SpeedNet (Benaim et al., 2020) S3D-G Kinetics-400 81.1 48.8
CoCLR' (Han et al., 2020a) S3D-G Kinetics-400 87.9 54.6
CATE' (Sun et al., 2021) 3D-R50 Kinetics-400 88.4 61.9
CVRL (Qian et al., 2021b) 3D-R50 Kinetics-400 92.9 67.9
BraVe! (Recasens et al., 2021) 3D-R50 Kinetics-400 93.7 72.0
Random Initialization 2D3D-R18 - 54.4 31.9
Future prediction 2D3D-R18  Kinetics-400 65.9 35.3
BFP (Ours) 2D3D-R18 Kinetics-400 66.4 45.3

Table 4.2: Finetuning on UCF101 and HMDBS51. The second block shows methods with different
architectures. The third and fourth blocks are methods pretrained by us on UCF101 and Kinetics-
400, respectively. For comparison we report results with random initialization in the first block.
Future prediction refers to the DPC method trained with our implementation details. While we
observe moderate improvements of our method on UCF101, it significantly boosts the performance
on HMDBS51. T denotes methods that were published concurrently or subsequently to BFP.
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Model spatial topl Accuracy on Kinetics-400

negatives conv_1 res_1 res_2 res_3 res_4 agg
Random Initialization - 31.1 26.6 16.9 8.4 2.9 1.8
DPC (Han et al., 2019) v 38.1 37.8 27.0 19.3 4.6 3.6
Future Prediction v 41.2 40.5 32.8 19.8 4.3 2.4
Ours sobel+crop+rot X 41.6 40.5 34.4 26.2 9.8 7.7

Table 4.3: Layer-wise Evaluations on Kinetics-400. Pretrained models are frozen up to a convolu-
tional/residual layer conv/res or completely agg, remaining layers are trained from scratch. The
augmentations involve random crop applied independently to each partition. Random sobel filter-
ing and rotation with multiplicands of 90° are independently applied to past and future blocks only.
Methods with independent augmentations instead of spatial negatives are superior in later layers.

Pretraining on Kinetics-400. Next, we investigate the benefit of large-scale datasets. We pretrain
our model on the Kinetics-400 dataset (Kay et al., 2017), and evaluate the learned representations by
finetuning on UCF101 and HMDBS51. Table 4.2 summarizes the results. We outperform future pre-
diction on both UCF101 and HMDBS51, a dataset known to be notoriously difficult for action recog-
nition. We achieve 45.3% topl accuracy on HMDBS51 surpassing many previous self-supervised
RGB-only methods by a significant margin. We further compare to various different methods us-
ing different network architectures and pretraining datasets in Table 4.2. Note that 2D3D-Resnet34,
S3D-G and 3D-Resnet50 are significantly deeper and computationally more expensive than 2D3D-
Resnet18. The 3D-Resnetl8 architecture is better comparable to ours; here, several more recent
methods have been proposed that achieve strong performance surpassing BFP. Among them are the
TCLR method (Dave et al., 2022) and TimeEq (Jenni and Jin, 2021); both methods also employ a
contrastive loss. Dave et al. (2022) combine a total of three contrastive losses, including an instance
recognition loss, a local-local temporal contrastive loss and a global-local temporal contrastive loss.
Both the local-local and the global-local temporal contrastive loss employ a form of temporal hard
negatives; here, clips samples from different temporal locations of the same video. When combined
with an instance recognition loss, their method achieves strong performance on both UCF101 and
HMDBS51. This further shows the effectiveness of temporal hard negatives for contrastive video
representation learning and the benefit of combining them with an instance recognition loss.

4.3.3 Layer-wise Evaluation on Kinetics-400

Finetuning is a well justified approach in practice. However, being prone to overfitting on the small
target dataset, it does not necessarily establish a solid evaluation of the representations. To evalu-
ate the learned representations more elaborately, we transfer the features of a pretrained model for
action recognition on the Kinetics-400 dataset. We initialize multiple networks up to different lay-
ers with pretrained weights, and train only the remaining layers from scratch while the initialized
layers are frozen. Provided enough training data, a better performance indicates higher quality rep-
resentations of the initialized layers. Table 4.3 and Figure 4.3 show the results when the initialized
network is frozen up to the first convolutional (conv), 4 residual (res) layers, and in the extreme
case the aggregation function (agg). Moreover, this evaluation allows us to investigate the effect
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Figure 4.3: Layer-wise Evaluations on Kinetics-400. The corresponding results are shown in
Table 4.3. The pretrained networks are frozen up to some layer, the remaining are trained from
scratch.

of spatial negatives versus independent augmentations. The later layers with larger receptive fields
represent global attributes of videos, e.g. action class, whereas the earlier layers represent local at-
tributes. We obtain remarkably better performance in the later layers when the network is trained
via independent transformations (our approach) compared with spatial negatives (Future prediction).
The performance in early layers of both approaches is comparable. This observation confirms our
argument in Section 4.2. Spatial negatives result in a representation that is variant with respect to the
spatial region of the input and therefore encourage local feature descriptors, which may be useful in
early layers where the receptive field is limited. Independent augmentations on the other hand lead to
representations that are invariant to spatial transformations, allowing global feature descriptors that
are more useful in later layers.

4.3.4 Ablation Studies

Ablation of the Number of Past and Future Clips. Table 4.4 shows the impact of different data
partitioning paradigms into past, present, and future blocks. We pretrain different methods on split 1
of UCF101 and report the topl accuracy obtained via finetuning on the same dataset. We follow
the same set up as in Table 4.1. We show each partition with a triplet referring to the number of
blocks used to construct past, present, and future blocks respectively. We use all present blocks to
construct present features, and randomly select a single block of past and future to build positive
pairs of past/future and temporal negatives of future/past. The larger number of future and past
blocks allows us to provide the InfoNCE loss with a larger set of positive and negative pairs. For
instance, (2,4, 2) provides 4 positive and negatives pairs per video in a batch. (3,2, 3) increases the
difficulty of the task as more temporal hard negatives will be included in the loss function while the
temporal receptive field of the present sequence is reduced. Reducing the number of present blocks
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topl Accuracy
on UCF101

(2,4,2) 63.6
(3,2,3) 61.9
(2,2,2) 63.8
(1,2,1)
(2,1,2)

#of (P,V, F)

62.9
62.5

Table 4.4: Ablation of the Number of Clips. Each triplet indicates the number of past, present,
and future blocks per video in a batch. All present blocks are used to extract the present features. A
pair of randomly taken single past and future blocks are used to construct past/future or future/past
features.

while keeping the past and future blocks fixed does not change the quality of the representations
significantly. However, further reducing the number of future and past blocks in (1,2,1) or the
number of present blocks in (2, 1,2) weakens the representations. The former reduces the number
of temporal hard negatives which leads to a simpler task, while the later limits temporal information.
This result indicates the effectiveness of temporal hard negatives as well as capability of our model
to exploit temporal information.

Ablation of our Architecture. As mentioned above we found that using a different aggregation
function (different instance of the ConvGRU) for past and future features while keeping the same
2D3D-Resnet18 backbone achieved better results. Here we want to investigate this further and com-
pare the effect of using the same or different aggregation function or backbone for past and fu-
ture features, i.e. sharing weights of the feature extractor for the present representation z, and and
past/future representation 2. For this ablation we pretrain our models on UCF101 and evaluate the
representations via finetuning. The results are shown in Table 4.5. When using the same aggregation
function and the same or different backbone to extract past and future features, we observe a small
performance drop compared to the best setting, whereas using both different backbones and differ-
ent aggregation functions decreases the quality of the representation significantly. We use the best
performing setting for all of our experiments.

1 A
Backbone f  Aggregation g topl Accuracy

on UCF101
same same 62.4
different same 62.8
same different 63.6
different different 60.6

Table 4.5: Ablation of our Architecture. We investigate the effect of using the same or different
instance of the backbone or aggregation function for present and past/future clips.
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Model temp(?ral spatlal. topl Accuracy
negatives  augmentations on UCF101
Random Initialization - - 54.4
Ours X - 48.2
Ours X crop 47.3
Ours X crop + flip 47.5
Ours X crop + flip + rot 51.5
Ours v crop + flip 58.2

Table 4.6: Effectiveness of Temporal Negatives.

4.3.5 Temporal Negatives

Next, we want to validate the effectiveness of our temporal negatives. We train all methods on
UCF101 using spatial transformations that are applied independently to the past, present and future
blocks; for evaluation we finetune on UCF101. Note that we do not use spatial negatives in this
experiment. All methods in Table 4.6 that do not employ temporal negatives fail — the learned rep-
resentations are especially bad initializations, performing even worse than random initialization —
confirming a degenerate solution via shortcuts. Since neither temporal nor spatial negatives are used
here, only random video sequences are considered as negatives and the InfoNCE loss in Eq. (4.1).
And while this loss gives a lower bound on the mutual information, plainly optimizing for mutual in-
formation does not necessarily lead to useful representations. Adding temporal negatives on the other
hand enables our method to learn a representation that is beneficial for action recognition. These ex-
periments confirm the observation in Section 4.2.3 that a structured set of hard negatives which are
not sampled from the marginal distributions are more effective for representation learning than an
accurate approximation of the mutual information.

4.4 Conclusion

In this chapter we proposed a novel method for self-supervised video representation learning based
on bidirectional feature prediction. We showed how both past and future prediction can be jointly
incorporated in a contrastive learning framework and demonstrated the effectiveness of our temporal
hard negatives via reversing the order of future and past. We validated our design choices empiri-
cally and extensively evaluated our method via finetuning and layer-wise evaluations, outperforming
unidirectional feature prediction methods on an action recognition downstream task.

While the hard temporal negatives are essential to our method to prevent shortcuts (see Table 4.6),
they impose some limitations on the learned representations: First, incorporating temporal negatives
based on the reversed order of future and past may result in a representation that mainly focuses on
features that help the model to distinguish between future and past, i.e. temporal variations, and may
focus less on global video-level features that remain the same throughout past, present and future
frames, as they do not enable the model to distinguish between future and past. We address this issue
in Chapter 6 where we develop a method to capture both stationary (video-level) features and non-
stationary ones representing temporal variations. Second, one can argue that such temporal negatives
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should not be true negatives — ultimately these samples are still highly related to the present frames.
Forcing the model to embed present and reverse future-past samples far apart in the feature space
may be sub-optimal. Instead, these samples should be treated in a more nuanced fashion. Unfortu-
nately, the standard contrastive learning framework requires a strict binary separation into positive
and negative pairs and impedes a more sophisticated treatment of more or less related samples. To
alleviate this restriction, we introduce a method in Chapter 5 to incorporate a ranked set of positive
pairs that allows the user to define the desired similarities and relevance of samples.






CHAPTER 5
Ranking InfoNCE: Boosting Contrastive
Learning via Ranked Positives

In Chapter 4, we have developed a contrastive video representation learning method that incorporates
temporal hard negatives to learn temporally structured representations. While these samples are very
effective for learning video representations in practice, it is unclear whether they should be consid-
ered true negatives since they are still highly related to the present frames. In general, the strict binary
separation into positive and negative pairs in contrastive learning may not always be possible; in this
chapter we propose a method to properly treat samples that lie in-between. For another example
related to video representation learning, consider temporal crops of videos, i.e. clips taken at differ-
ent times in the video: Treating all temporal crops as positives encourages representations that are
invariant to the changes over time, while treating them as negatives guides the model to ignore high-
level global features that are shared between temporal crops, such as the video-level action class.
In reality, the content of videos typically changes gradually over time, which should be mirrored in
the feature space. To properly incorporate such samples, we propose a novel ranking InfoNCE loss
(RINCE) that not only allows for but also benefits from a ranked definition of positives. Essentially,
this loss consists of a series of InfoNCE losses, one for each rank, where higher-ranked positives
incorporate lower-ranked positives as hard negatives. We evaluate our approach extensively under
various settings with varying levels of supervision: A fully supervised setting with ground truth rank-
ing allows us to investigate the method without confounding noise, then, we demonstrate the benefit
of large-scale training with noisy similarities in place of ground truth rankings, and finally, we apply
RINCE to the fully unsupervised setting of video representation learning.

Individual Contribution

The following chapter is based on the publication (Hoffmann et al., 2022):

Ranking Info Noise Contrastive Estimation: Boosting Contrastive Learning via Ranked
Positives

David Hoffmann*, Nadine Behrmann*, Juergen Gall, Thomas Brox, and Mehdi Noroozi

The AAAI Conference on Artificial Intelligence (AAAI), 2022.

doi: 10.1609/aaai.v36i1.19972.

* David Hoffmann and Nadine Behrmann are joint first authors.

This publication was done in very close collaboration between David Hoffmann, Mehdi Noroozi
and Nadine Behrmann. Juergen Gall and Thomax Brox provided scientific guidance and very
valuable feedback and suggestions. The initial idea to apply a series of InfoNCE losses to enforce
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gradually decreasing similarities of ranked positives was proposed by Mehdi Noroozi. The different
RINCE variants were jointly developed by David Hoffmann, Mehdi Noroozi and Nadine Behrmann.
The idea to rank different clips of the same video based on their temporal distance was developed
by Mehdi Noroozi and Nadine Behrmann and implemented by Nadine Behrmann. While Nadine
Behrmann proposed to exploit label information to construct ranked positives, the idea to use other
classes as lower ranked positives was proposed by David Hoffmann, both using superclasses and
RoBERTza class similarity scores. The experiments were implemented by David Hoffmann and
Nadine Behrmann.

The retrieval evaluation was proposed in discussions with David Hoffmann, Mehdi Noroozi and
Nadine Behrmann and implemented by Nadine Behrmann; evaluating the retrieval performance via
mAP was suggested by Thomas Brox. The evaluation via out-of-distribution detection was suggested
in discussions between David Hoffmann, Mehdi Noroozi and Thomas Brox and implemented by
David Hoffmann. Visualizing the embedding spaces via t-SNE plots was suggested and implemented
by David Hoffmann. The idea to visualize the class similarity matrix was jointly developed by
David Hoffmann, Mehdi Noroozi and Nadine Behrmann and implemented by Nadine Behrmann.
The RINCE loss analysis was carried out by David Hoffmann and Mehdi Noroozi. The analysis on
the role of 7 was jointly done by David Hoffmann and Nadine Behrmann.
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5.1 Introduction

Contrastive learning recently triggered progress in self-supervised representation learning. Most
existing variants require a strict definition of positive and negative pairs used in the InfoNCE loss or
simply ignore samples that can not be clearly classified as either one or the other (Zhao et al., 2021).
Contrastive learning forces the network to impose a similar structure in the feature space by pulling
the positive pairs closer to each other while keeping the negatives apart.

This binary separation into positives and negatives can be limiting whenever the boundary be-
tween those is blurry. For example, different samples from the same classes are used as negatives
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Figure 5.1: Contrastive Learning Should not Be Binary. In many scenarios a strict separation of

samples in “positives” and “negatives” is not possible. So far, this grey zone (left) was neglected,
leading to sub-optimal results. We propose a solution to this problem, which embeds same samples
very close and similar samples close in the embedding space (right).

for instance recognition, which prevents the network from exploiting their similarities. One way to
address this issue is supervised contrastive learning (SCL) (Khosla et al., 2020), which takes class
labels into account when making pairs: samples from the same class are treated as positives, while
samples of different classes pose negatives. However, even in this optimal setting with ground truth
labels, the problem persists — semantically similar classes share many visual features (Deselaers and
Ferrari, 2011) with the query — and some samples cannot clearly be categorized as either positive or
negative, e.g. the dog breeds in Fig. 5.1. Treating them as positives makes the network invariant to-
wards the distinct attributes of the samples. As a result, the network struggles to distinguish between
different dog breeds. If they are treated as negatives, the network cannot exploit their similarities. For
transfer learning to other tasks, e.g. out-of-distribution detection, a clean structure of the embedding
space, such that samples sharing certain attributes will be closer, is beneficial.

Another example comes from video representation learning: In addition to spatial crops as for
images, videos allow to create temporal crops, i.e. creating a sample from different frames of the
same video. To date, it is an open point of discussion whether temporally different clips from the
same video should be treated as positive (Feichtenhofer et al., 2021) or negative (Dave et al., 2022).
Treating them as positives will force the network to be invariant towards changes over time, but
treating them as negatives will encourage the network to ignore the features that stay constant. In
summary, a binary classification in positive and negative will, for most applications, lead to a sub-
optimal solution. To the best of our knowledge, a method that benefits from a fine-grained definition
of negatives, positives and various states in between is missing.

As a remedy, we propose Ranking Info Noise Contrastive Estimation (RINCE). RINCE supports
a fine-grained definition of negatives and positives. Thus, models trained with RINCE can take
advantage of various kinds of similarity measures. For example, similarity measures can be based on
class similarities, gradual changes of content within videos, pretrained feature embeddings, or even
the camera positions in a multi-view setting, etc. In this work, we demonstrate the effectiveness of
RINCE with rankings from class similarities and gradual changes in videos.

RINCE puts higher emphasis on similarities between related samples than SCL and cross-
entropy, resulting in a richer representation. We show that RINCE learns to represent semantic
similarities in the embedding space, such that more similar samples are closer than less similar sam-
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ples. Key to this is a new InfoNCE-based loss, which enforces gradually decreasing similarity with
increasing rank of the samples. More specifically, our proposed loss consists of a series of InfoNCE
losses, one for each rank, where lower ranked positives are incorporated as hard negatives in the
InfoNCE loss for higher ranked positives.

The representation learned with RINCE on Cifar-100 improves significantly over cross-entropy
for classification, retrieval and OOD detection, and outperforms the stronger SCL baseline (Khosla
et al., 2020). Here, improvements are particularly large for retrieval and OOD detection. To obtain
ranked positives for RINCE, we use the superclasses of Cifar-100. Furthermore, we demonstrate that
RINCE works on large scale datasets and in more general applications, where ranking of samples is
not initially given and contains noise. To this end, we show that RINCE outperforms our baselines
on ImageNet-100 using only noisy ranks provided by an off-the-shelf natural language processing
model (Liu et al., 2019). Finally, we showcase that RINCE can be applied to the fully unsupervised
setting, by training RINCE unsupervised on videos, treating temporally far clips as lower ranked
positives. This results in a higher accuracy on the downstream task of video action classification then
our baselines and even outperforms recent video representation learning methods.

In summary, our contributions are: 1) We propose a new InfoNCE-based loss that replaces the
binary definition of positives and negatives by a ranked definition of similarity. 2) We study the
properties of RINCE in a controlled supervised setting. Here, we show mild improvements on Cifar-
100 classification and sensible improvements for OOD detection. 3) We show that RINCE can handle
significant noise in the similarity scores and leads to improvements on large scale datasets. 4) We
demonstrate the applicability of RINCE to self-supervised learning with noisy similarities in a video
representation learning task and show improvements over InfoNCE in all downstream tasks. 5) Code
is available at'.

5.2 Method

Before introducing our ranking InfoNCE loss, we will recapitulate the contrastive losses introduced
in Section 3.1.3 and their characteristics and use cases as these losses form the basis for our ranking
InfoNCE.

5.2.1 InfoNCE

We start with the most basic form of the InfoNCE loss. In this setting, two different views of the
same data — e.g. two different augmentations of the same image — are pulled together in feature
space, while pushing views of different samples apart. More specifically, for a query ¢, a single
positive p and a set of negatives N' = {nq,...ng} is given. The views are fed to an encoder network
f, followed by a projection head h (Chen et al., 2020b). To measure the similarity between a pair
of features we use the cosine similarity sim, see Eq. (3.4). Overall, the task is to train a critic

o(z,y) = sim (h(f(z)), h(f(y))) using the loss:

exp (<p(i7p) )

exp (M) + EZj\[exp (W(‘i’"))

L =—log

; (5.1

lhttps ://github.com/boschresearch/rince
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where 7 is a temperature parameter (Chen et al., 2020b). The above loss relies on the assumption
that a single positive pair is available. One drawback with this approach is that all other samples
are treated as negatives, even if they are semantically close to the query. Potential solutions include
removing them from the negatives (Zhao et al., 2021) or adding them to the positives (Khosla et al.,
2020), which we denote by P = {p1,...,p;}. In other cases, we naturally have access to more than
one positive, e.g. we can sample several clips from a single video, see Figure 5.5. Having multiple
positives per query leaves two options, which we discuss in the following.

Logut Positives. A straightforward approach to include multiple positives is to compute Eq. (5.1)
for each of them, i.e. take the sum over positives outside of the log. This enforces similarity between
all positives during training, which suits a clean set of positives well.

£ =~ Y log oxp (7) . (52)
o exp(“’(‘i’p)) + 3 exp(“”(‘i’”))
neN

However, the set of positives can be noisy, e.g. sampling a temporally distant clip may include sub-
optimal positives due to drastic changes in the video.

Log;, Positives. An alternative approach, which is more robust to noise or inaccurate sam-
ples (Miech et al., 2020), is to take the sum inside the log, Eq. (5.3). To minimize this loss, the
network is not forced to set a high similarity to all pairs. It can neglect the noisy/false positives,
given that a sufficiently large similarity is set for the true positives, see Table 5.6. However, if a dis-
crepancy between positives exists, it results in a degenerate solution of discarding hard positives. For
instance, consider supervised learning where both augmentations and class positives are available for
a given query: the class positives, which are harder to optimize, can be ignored.

S exp (@(Z,p))

peP

5 exp (H42) % exp (#21)
peP neN

LM = —log (5.3)

The above methods assume a binary set of positives and negatives. Thus, they can not exploit
the similarity of positives and negatives. In the following, we discuss the proposed ranking version
of InfoNCE that allows us to preserve the order of the positives and benefit from the additional
information.

5.2.2 RINCE: Ranking InfoNCE

Let us assume that for a given query sample ¢, we have access to a set of ranked positives in a form
of P1,...,P,, where P; includes the positives of rank 7. Let us also assume ) is a set of negatives.
Our objective is to train a critic ¢ such that:

©(q,p1) > - > @(q,pr) > ¢(q,n) forall p; e Pi,neN. (5.4)

Note that P; can contain multiple positives. For ease of notation we omit these indices. To impose
the desired ranking presented by the positive sets, we use InfoNCE in a recursive manner where we
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start with the first set of positives, treat the remaining positives as negatives, drop the current positive,
and move to the next. We repeat this procedure until there are no positives left. More precisely, the
loss function reads Ly = 25:1 £;, where

l; = —log

(5.5)

g

3 exp(“"(fl’p)) +
pelU;>: Py ! neN

exp (571

and 7; < 7;41. Eq. (5.5) denotes the L™ version of InfoNCE for positives of same rank; other variants
are summarized in Table 5.1. The rational behind this loss is simple: The i-th loss is optimized when
for all ¢, 7, n the following three conditions are met

1. exp(p(q, pi)/7i) » 0,
2. exp(p(q,pj)/m) — 0 for j > i,
3. expli(g,n)/75) — 0.

Requirements 1 and 2 are competing across the losses: ¢; entails exp(y(q, pi+1)/7) — 0 but £;4q
requires exp(¢(q, pi+1)/Ti+1) » 0. This requires the model to trade-off the respective loss terms,
resulting in a ranking of positives ¢(q, p;) > ¢(q, pi+1). Requirement 3 ensures ¢ (q, p;) > ¢(q,n).
In combination these conditions achieve the desired ranking in Eq. 5.4.

In the following we explain the intuition behind our choice of 7 values based on the analyses
of (Wang and Liu, 2021); for a more detailed analysis see Section 5.2.4. A low temperature in the
InfoNCE loss results in a larger relative penalty on the high similarity regions, i.e. hard negatives.
As the temperature increases, the relative penalty distributes more uniformly, penalizing all negatives
equally. A low temperature in ¢; allows the network to concentrate on forcing ¢(q, p;) > ©(q, Pi+1),
ignoring easy negatives. A higher temperature on ¢, relaxes the relative penalty of negatives with
respect to p, so that the network can enforce ¢ (g, p,) > ¢(q,n).

5.2.3 RINCE Loss Variants

The version in Eq. (5.5) corresponds to the L;, variant of InfoNCE. We summarize other variants in
Table 5.1 and spell them out in more detail in the following.

Naming # Positives per Rank Loss

RINCE-uni single Eq.(5.1)

RINCE-out multiple Eq. (5.2)

RINCE-in multiple Eq. (5.3)
RINCE-out-in multiple Eq. (5.2) (41); Eq. (5.3) (4;,1 > 1)

Table 5.1: Different Variants of RINCE. For the exact loss functions we refer to the text.
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RINCE-uni. In the RINCE-uni loss variant only a single positive is given for each rank, i.e. P; =
{p:i}. In this case, we use Eq. (5.1) for the individual loss terms (Eq. (5.2) and Eq. (5.3) are the same
for a single positive), and the loss reads:

exp(p(q,pi)/Ti)
4:05)/7i) + Lpen exp(p(g;n)/7)

LRINCE-uni = — Z log 7 (5.6)
i=1 Z]:z exp(<p(

RINCE-out. For the RINCE-out loss variant we take the sum over positives outside of the log for
each rank ¢:

r

exp(@(q, p)/7i)
L out = — I . (5.7
R == 0, 2 S @)+ Db @)

RINCE-in. On the other hand, we take the sum over positives inside of the log for the RINCE-in
loss variant:

T

log 2pep, exP((q,p)/7i)
i=1 Zpeuj>i P exp((q, p) /i) + Dopens exp(0(g,n) /i)

LRINCE-in = — (5.8)

Note that there is a subtle but noteworthy difference to the log-in version of (Khosla et al., 2020),
who compute the mean rather than the sum inside the log. As they observe a significantly worse
performance of their log-in version, we decide to use the version proposed in (Miech et al., 2020;
Han et al., 2020a) for all our experiments, including the baseline SCL-in.

RINCE-out-in. Finally, we consider a combination of the two above: Whenever noise for first rank
positives can be expected to be low, while it might be higher for higher rank positives we can use the
out-option for the first rank and the in-option for the remaining ranks:

2 log exp(¢(q,p)/T1)
B Dpepido(U, Py) SR04 P)/T1) + Depr exp(p(a; ) /1)
S 3 e, exp(9(.p)/7:)

ST D@ P/ T) + Doy exp(9(a,m)/7)

LRINCE-out-in = —

(5.9

5.2.4 RINCE Loss Analysis

In the following we will give a more theoretical analysis of RINCE, explain why it leads to ranking
and justify our choice of setting 7; < 7;11. First, we will study the relative penalty (Wang and Liu,
2021) to identify which negatives contribute most to the individual RINCE terms, dependent on the
choice of 7 and elaborate how this results in ranking. Next, we will elaborate how the choice of
T; < T;4+1 guides the network towards a desired trade-off between the opposing terms in the RINCE
loss.
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Which loss term focuses on which negatives? Following (Wang and Liu, 2021), we investigate
the impact of negatives in the loss relative to the impact of positives, which is referred to as relative
penalty. The relative penalty r} is obtained by dividing the gradient magnitude with respect to the
similarity of negative and query (s, = ¢(¢,n)) by the gradient magnitude with respect to the
similarity of positive and query (sq, = ©(q,p)):

(5.10)

P

i

&Sq n 0S¢.p

A large relative penalty for a given negative n implies a large contribution of this negative in the
InfoNCE loss. For simplicity, we consider only two ranks but extending the explanation to more
ranks is straightforward. Let p; € P; denote a first rank positive, p2 € P2 a second rank positive and
n € N anegative. The relative penalty of a negative n € A with respect to ps in £5 is given by:

D2 — eXp(SO(Q’ n)/TQ) 5 11
™ TS exple(e, 2)/m) G-1D
2eNA{n}

Similarly, the relative penalty of n with respect to p; in ¢; is:

P exp(p(q,n)/m1) (5.12)
" Y. exp(p(g,z)/m) + > exp(p(g,p3)/m) '
weAN\{n} PiePs

and for po with respect to py in £1:

PP exp(p(g; p2)/71) ' (5.13)
P2 Y explp(g,@)/m) + X exp(e(q,p3)/m1)
zeN pyeP2\{p2}

Note that po serves as a negative for p; in £; and a positive in £». With small 7 Eq. (5.12) is
larger for close samples of n than with larger 7;. Therefore, small 7 result in significantly larger
relative penalties for n close to ¢, in comparison to a larger 7. Both also hold for Eq. (5.13) and
p2. Thus, increasing 7 shifts the focus of the loss function from close negatives to a more uniform
contribution of all negatives. With 75 > 71, Eq. (5.11) is more uniform over different similarity scores
than Eq. (5.12) and (5.13) (compare Figure 3 in (Wang and Liu, 2021)). Since ¢(q,p2) > ¢(q,n)
is enforced by the positive “pull force” in f2, we have rh, > rh'. Therefore, higher emphasize
is put on ¢(q,p1) > ¢(q,p2) than on ¢(q,p1) > ¢(q,n) in ¢1 and, intuitively, ¢ emphasizes
©(q,p2) > w(g,n). Thus, ¢; ensures that p; and po can be discriminated well and ¢o ensures
discrimination between p2 and n. In other words, with increasing rank, and thus increasing 7, the
focus of the loss gradually shifts from close negatives towards all negatives, effectively increasing
with each rank the radius around ¢ at which significant relative penalty results from the negatives.
This “pushing” force with gradual increasing radius from the respective negatives in combination
with the pulling of the respective positives towards ¢ results in ranking.

How 7 influences the optimal solution, controls the trade-off between opposing loss terms and
why 7, < 741 is a good choice for ranking. To answer these question we study the trade-off
mechanism between negatives in ¢; and the positives in 2, i.e. the opposing terms in the RINCE loss
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Figure 5.2: Trade-off Between Opposing RINCE Terms for Varying Values of 7; and . We
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for different values of p(q, p1) and p(q, p2) (p(g,n) is fixed). We show plots
for different 7 Values Red indicates negative values and green positive values. In the red region
(g, p2) is maximized in the green region minimized. The equilibrium for a fixed (g, p1) lies on

the boundary of red and green.
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