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Abstract
Videos are an appealing source of data to train computer vision models. There

exist almost infinite supplies of videos online, but exhaustive manual annotation is

infeasible. The goal of this thesis is to learn strong video representations efficiently

via self-supervised learning: a method that learns from the data rather than human

annotations.

The thesis is structured around three themes: (1) self-supervised learning

for short-term videos, (2) efficient video representation learning, and (3) self-

supervised learning for long-term videos.

For short-term videos lasting only a few seconds, we show that predicting the

video in the future is a strong learning signal at a large scale. We further show

that strong video representations can be learned by taking two complementary

modalities, namely RGB and optical flow, and using them to teach each other.

For efficient video representation learning, we show that large-scale pre-trained

vision-language models can be effectively adapted via a prompt tuning technique.

We also show that dropping image patches can accelerate the finetuning of classi-

fication tasks and pre-training of video-language models.

For long-term videos that last longer than a few minutes, we show that temporal

alignment networks can be trained from the weak visual-textual correspondence

within instructional videos. The resulting networks can automatically clean up

the natural videos for effective vision-language training. In addition, we show

that movie description models can be trained by leveraging the pre-trained vision-

language models.

Keywords – video understanding, deep learning, self-supervision, efficient learning
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Chapter 1

Introduction and Background

Videos are the media that locks both space and time with bits; they contain the

prominent human sensory information like visual and audio; and they also carry

rich information about human cognition like reasoning, knowledge, and decision-

making, which reflect human intelligence. Understanding videos is therefore an

important milestone in achieving artificial intelligence. Fortunately, videos are

now massively created and shared on the internet, due to advanced network and

storage technologies, and have become an infinite data source that can be used to

train computer vision systems. However, the appealing enormous availability of

videos rules out the possibilities of manual data annotation, and drives researchers

to create methods to learn from the raw data itself; an approach that is termed

‘self-supervised learning’.

In contrast to the supervised learning that learns from the ‘sample - label’

pairs (e.g. [Krizhevsky et al. 2012]), self-supervised learning (SSL) learns from a

task without involving any manually-defined labels. This task is often called a

‘proxy task’ that only provides learning signals but is not the ultimate goal of

learning. After learning from the proxy task, the model produces representations

of the input samples. By that, it means the input samples are represented as

vectors with finite dimensions. The quality of representation learning is typically

evaluated by adapting the learned representations to downstream tasks of interest,

like classification, segmentation and retrieval.

In this thesis, we address the methodologies for self-supervised video repre-

sentation learning in a modern point of view. We ask the question, ‘How can a

strong video representation be learned from large-scale data, without human an-
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notations, and efficiently?’ Particularly, we tackle three aspects of this question:

self-supervised learning for short-term videos, efficient self-supervised training, and

self-supervised learning for long-term videos.

We begin the thesis by introducing motivations and key ideas behind the work

in Section 1.1, then we introduce the three themes of the thesis and their respective

contributions in Section 1.2, finally in Section 1.3 we provide a full list of the works

included in the thesis.

1.1 Motivation and Key Ideas

1.1.1 Motivation from Psychology

The Nature of Video. From daily experience, humans perceive continuous vi-

sual signals over time. Psychologists think visual continuity is critical to human

cognitive development, e.g. infants acquire visual tracking in their first month [Pi-

aget 1977]. Whereas videos display a series of still images, how do they look so

natural? The persistence of human vision is a property that the visual percep-

tion of an object continues for a short time after the light rays proceeding from it

have stopped to enter the eye [Nichol 1857]. Using this property, videos achieve

a comfortable illusion of continuously moving scenes by refreshing the still images

at a frequency above certain thresholds [Watson 1986], which mimics the visual

sensory input from the real world.

Two-stream Hypothesis. For the human visual system, two-stream hypothe-

sis [Goodale and Milner 1992] states that the human visual cortex contains two

pathways – the ventral stream that recognises objects, and the dorsal stream that

recognises motion.

Multiple Modalities. Apart from visual inputs, humans take multiple sensory

inputs like audio, touch, smell, etc. Psychologists found that multiple sensory

streams have a high redundancy [Smith et al. 1998], such that the entire percep-

tual system can function robustly even with the absence of one sensory stream.

Also, Psychologists found a mechanism called re-entry [Edelman and Gally 2013],

that the multi-sensory signals are exchanged continuously in a bi-directional way
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between brain regions, thus the stimuli from one sensory stream can immediately

trigger other sensory streams.

Predictive Coding. Possibly dated back to [von Helmholtz 1867], predictive

coding is a theory in neuroscience about the brain function in which the brain

is constantly generating predictions of sensory inputs to compare with the actual

sensory inputs. Such a mechanism ensures a mental model of the environment is

continuously adapting and improving. [Rao and Ballard 1999] framed the theory

into a computational model of human vision that consists of (1) a generation model

that produces a top-down prediction of the scene and (2) an analytical model that

performs bottom-up sensory-driven error analysis.

1.1.2 Key Ideas

Inspired by the psychological motivations, as well as influenced by other practical

factors like hardware and implementation, we introduce a few key research ideas

in this section that govern the thesis and guide the design of methods.

1.1.3 Learn from the Abundance of Video Data

Video is one of the most abundant visual data available, e.g., more than 720,000

hours of videos are uploaded to the video platform YouTube every day1, which

takes a person 82 years to watch them. We are interested in developing learn-

ing methods that benefit from the enormous amount of video data, because these

methods have a high potential in the future given the rapid advancements in com-

putational power and data processing. As such, large-scale training on natural

videos is the main focus of this thesis. Despite limited computational resources,

we explore large-scale training at our extreme on the big video datasets like Ki-

netics [Kay et al. 2017; João Carreira et al. 2018; João Carreira et al. 2019] and

HowTo100M [Miech et al. 2019]. For method design, We discover learning signals

from the data themselves, such that our methods can be scaled-up at ease given

extra computational resources.
1https://www.statista.com/statistics/259477/hours-of-video-uploaded-to-youtube-every-

minute/
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1.1.4 Learn from Multiple Modalities

Videos naturally contain multiple modalities like audio (the sound from objects and

environment, or human voice) and text (the video titles, subtitles and audience’s

comments). Within visual sensory inputs, the appearance and motion (optical

flow) can also be loosely regarded as two modalities. As per psychological studies,

multiple modalities are typically redundant yet complementary to each other, that

is, different modalities represent different aspects of the same observation. For

practical self-supervised learning, the connection between modalities can be used

as a powerful learning signal. In our works, we use motion modality to teach

appearance modality and vice-versa. We also rely on the co-occurrence of visual

and textual modalities to learn powerful representations.

1.1.5 Learn Efficiently

Efficient learning is important for realising self-supervised learning at a large scale

for two reasons. First, it democratises SSL research and application for communi-

ties with limited resource access. Second, it reduces the energy consumption and

the negative environmental impact caused by large-scale computation [Strubell et

al. 2019].

Therefore, efficient learning is another key idea of this thesis. We mainly apply

three strategies to pursue efficient learning: (1) learning from pre-trained models

to save unnecessary computational costs. (2) reducing the redundant or noisy

learning signals, like the patches in consecutive video frames and irrelevant video

subtitles. (3) steering big models by a small number of parameters, like prompt-

tuning.

1.2 Thesis Outline and Contributions

This section provides an outline of the following thesis chapters and summarises

the key contributions. The thesis is grouped into three themes: self-supervised

learning for short-term videos, efficient video representation learning, and self-

supervised learning for long-term videos.
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Part I: Self-supervised learning for short-term videos

By the word ‘short-term’, we refer to the videos with less than 10 seconds in

duration. The 10 seconds is a rough boundary taken from the seminal Kinetics

dataset [Kay et al. 2017], where video clips are trimmed to around 10-second

long. Within the limited duration, short-term video contains simpler semantic

information without much variance in time, typically only sufficient to cover one

action.

In this theme, we show that strong video representations can be learned by pre-

dicting the future and from complementary modalities. Particularly in Chapter 2,

we are motivated by the intuition that predicting in pixel space is heavy-weight

and unnecessary for learning higher-level semantics, then we propose our method

that predicts future video in the feature space. Trained with a contrastive loss on

spatio-temporal features, such a predictive model learns a powerful video represen-

tation for action classification tasks. Also predicting future videos is a universal

task that applicable to any video data and it is shown to benefit from large-dataset

training. However, we notice the property of multiple hypotheses in video predic-

tions, i.e., multiple reasonable futures could happen given the present observation.

As a consequence, models trained to make a single prediction converges to predict a

mean value in feature space for multiple possible futures, which limits the learning

progress. To tackle the multi-hypothesis problem, in Chapter 3 we augment the

future prediction module with an external memory bank that consists of learnable

feature vectors, in order to structurally support the learning with multiple futures.

In Chapter 4, Utilising the multi-modality property of videos, we propose to use

the Nearest Neighbours of one modality as the pseudo labels to train the other

modality, and vice versa. Particularly, we experiment with the RGB video stream

and the optical flow stream, and we show that the final representation quality for

both modalities is largely improved.

Part II: Efficient video representation learning

From the practical experience from Part I, we notice that self-supervised learning

for videos benefits from large data and long training schedules. However, consider-

ing the high resource demands and energy consumption of SSL training, developing

efficient learning methods becomes critical.
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In this theme, we show two methods that can reduce the training cost of

video representation learning. In Chapter 5, we adapt the light-weight prompt-

tuning method to the industry-scale pre-trained visual language model to enable a

variety of downstream video understanding tasks with small computational costs,

yet maintain comparable performances. In Chapter 6, we propose to drop out

the redundant input visual patches of Vision Transformer [Dosovitskiy et al. 2020]

for the video-language pre-training, video classification finetuning and long-video

classification tasks. This technique could speed up the training process by up to

4× and enable those resource-demanding training tasks with limited resources.

Part III: Self-supervised learning for long-term videos

The vast majority of video data online are the un-trimmed long videos that span

a few minutes or hours. Distinct from the short-term videos in Part I, the longer

temporal axis contains rich information such as the procedures of a complex ac-

tivity or the storyline of a film.

In this theme, two methods for long-term videos are shown, one learns from the

instructional videos and the other learns from featured movies. In Chapter 7, we

utilise the weak textual-visual correspondence from natural instructional videos on

YouTube and propose a method to automatically align demonstrators’ subtitles

with visual content in the video. As a result, we obtain a Temporal Alignment

Network that can clean up the natural instructional videos by performing an auto-

matic textual-visual alignment. In Chapter 8, we focus on the featured movies that

could span a few hours. Benefiting from the pre-trained vision-language models,

we develop a method to generate audio descriptions for movies densely along the

time axis.

1.3 Publications

Chapter 2 to 8 each contains a research paper. Most of them have been peer-

reviewed and accepted for publication at a conference, with the exception that

Chapter 8 is an ongoing work. We make no modifications to the published papers

except for formatting changes. For each paper, we also provide a statement of

authorship in Appendix A. The papers included in the thesis are listed below.

14



Chapter 2: “Video Representation Learning by Dense Predictive Cod-

ing” Tengda Han, Weidi Xie, Andrew Zisserman. In the Workshop on Large

Scale Holistic Video Understanding (Oral Presentation), International Conference

on Computer Vision, 2019.

Chapter 3: “Memory-augmented Dense Predictive Coding for Video

Representation Learning” Tengda Han, Weidi Xie, Andrew Zisserman. In

European Conference on Computer Vision (Spotlight), 2020.

Chapter 4: “Self-supervised Co-Training for Video Representation Learn-

ing” Tengda Han, Weidi Xie, Andrew Zisserman. In Neural Information Pro-

cessing Systems, 2020.

Chapter 5: “Prompting Visual-Language Models for Efficient Video

Understanding” Chen Ju, Tengda Han, Kunhao Zheng, Ya Zhang, Weidi

Xie. In European Conference on Computer Vision, 2022.

Chapter 6: “Turbo Training with Token Dropout” Tengda Han, Weidi

Xie, Andrew Zisserman. In British Machine Vision Conference, 2022.

Chapter 7: “Temporal Alignment Networks for Long-term Video” Tengda

Han, Weidi Xie, Andrew Zisserman. In Conference on Computer Vision and Pat-

tern Recognition (Oral Presentation), 2022.

Chapter 8: “AutoAD: Movie Description in Context” Tengda Han,

Max Bain, Gül Varol, Arsha Nagrani, Weidi Xie, Andrew Zisserman. Technical

report, 2022.

Publications not included

†“Flamingo: a Visual Language Model for Few-Shot Learning” Jean-

Baptiste Alayrac, Jeff Donahue, Pauline Luc, Antoine Miech, Iain Barr, Yana

Hasson, Karel Lenc, Arthur Mensch, Katherine Millican, Malcolm Reynolds, Ro-

man Ring, Eliza Rutherford, Serkan Cabi, Tengda Han, Zhitao Gong, Sina

Samangooei, Marianne Monteiro, Jacob Menick, Sebastian Borgeaud, Andrew

15



Brock, Aida Nematzadeh, Sahand Sharifzadeh, Mikolaj Binkowski, Ricardo Bar-

reira, Oriol Vinyals, Andrew Zisserman, Karen Simonyan. In Neural Information

Processing Systems, 2022.

† This publication mainly focuses on image-language tasks and few-shot learning

settings, which is loosely related to the thesis topic about video representation

learning, therefore excluded.

16



Part I

Self-supervised Learning for

Short-term Videos

17



Chapter 2

Video Representation Learning

by Dense Predictive Coding

The paper has been accepted for publication as an oral presentation at the Work-

shop on Large-scale Holistic Video Understanding, International Conference on

Computer Vision (ICCV), 2019.

18



Video Representation Learning by

Dense Predictive Coding

Tengda Han Weidi Xie Andrew Zisserman
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https://www.robots.ox.ac.uk/~vgg/research/DPC/dpc.html

Abstract

The objective of this paper is self-supervised learning of spatio-temporal

embeddings from video, suitable for human action recognition.

We make three contributions: First, we introduce the Dense Predic-

tive Coding (DPC) framework for self-supervised representation learning

on videos. This learns a dense encoding of spatio-temporal blocks by re-

currently predicting future representations; Second, we propose a curricu-

lum training scheme to predict further into the future with progressively

less temporal context. This encourages the model to only encode slowly

varying spatial-temporal signals, therefore leading to semantic representa-

tions; Third, we evaluate the approach by first training the DPC model

on the Kinetics-400 dataset with self-supervised learning, and then fine-

tuning the representation on a downstream task, i.e. ction recognition.

With single stream (RGB only), DPC pretrained representations achieve

state-of-the-art self-supervised performance on both UCF101 (75.7% top1

acc) and HMDB51 (35.7% top1 acc), outperforming all previous learn-

ing methods by a significant margin, and approaching the performance

of a baseline pre-trained on ImageNet. The code is available at https:

//github.com/TengdaHan/DPC.
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(a)

(b)
Figure 2.1: Nearest Neighbour (NN) video clip retrieval on UCF101. Each row
contains four video clips, a query clip and the top three retrievals using clip em-
beddings. To get the embedding, each video is passed to a 3D-ResNet18, average
pooled to a single vector, and cosine similarity is used for retrieval. (a) Embed-
dings obtained by Dense Predictive Coding (DPC); (b) Embeddings obtained by
using the inflated ImageNet pretrained weights. The DPC captures the semantics
of the human action, rather than the scene appearance or layout as captured by
the ImageNet trained embeddings. In the DPC retrievals the actual appearances
of frames can vary dramatically, e.g. in the change in camera viewpoint for the
climbing case.

2.1 Introduction

Videos are very appealing as a data source for self-supervision: there is almost

an infinite supply available (from Youtube etc.); image level proxy losses can be

used at the frame level; and, there are plenty of additional proxy losses that

can be employed from the temporal information. One of the most natural, and

consequently one of the first video proxy losses, is to predict future frames in the

videos based on frames in the past. This has ample scope for exploration by varying

the extent of the past knowledge (the temporal aggregation window used for the

prediction) and also the temporal distance into the future for the predicted frames.

However, future frame prediction does have a serious disadvantage – that the future

is not deterministic – so methods may have to consider multiple hypotheses with

multiple instance losses, or other distributions and losses over their predictions.

Previous approaches to future frame prediction in video [Lotter et al. 2017;

Mathieu et al. 2016; Srivastava et al. 2015; Vondrick et al. 2016b; Vondrick et al.

2016a] can roughly be divided into two types: those that predict a reconstruction
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of the actual frames [Lotter et al. 2017; Mathieu et al. 2016; Srivastava et al. 2015;

Vondrick et al. 2016b]; and those that only predict the latent representation (the

embedding) of the frames [Vondrick et al. 2016a]. If our goal of self-supervision

is only to learn a representation that allows generalization for downstream dis-

criminative tasks, e.g. action recognition in video, then it may not be necessary

to waste model capacity on resolving the stochasticity of frame appearance in

detail, e.g. appearance changes due to shadows, illumination changes, camera mo-

tion, etc. Approaches that only predict the frame embedding, such as Vondrick

et al. [Vondrick et al. 2016a], avoid this potentially unnecessary task of detailed

reconstruction, and use a mixture model to resolve the uncertainty in future pre-

diction. Although not applied to videos (but rather to speech signals and images),

the Contrastive Predictive Coding (CPC) model of Oord et al. [van den Oord et

al. 2018] also learns embeddings, in their case by using a multi-way classification

over temporal audio frames (or image patches), rather than the regression loss

of [Vondrick et al. 2016a].

In this paper we propose a new idea for learning spatio-temporal video em-

beddings, that we term “Dense Predictive Coding” (DPC). The model is designed

to predict the future representations based on the recent past [Wiskott and Se-

jnowski 2002]. It is inspired by the CPC [van den Oord et al. 2018] framework, and

more generally by previous research on learning word embeddings [Mikolov et al.

2013a; Mikolov et al. 2013b; Mnih and Kavukcuoglu 2013]. DPC is also trained

by using a variant of noise contrastive estimation [Gutmann and Hyvärinen 2010],

therefore, in practice, the model has never been optimized to predict the exact fu-

ture, it is only asked to solve a multiple choice question, i.e. ick the correct future

states from lots of distractors. In order to succeed in this task, the model only

needs to learn the shared semantics of the multiple possible future states, and this

common/shared representation is the kind of invariance required in many of the

vision tasks, e.g. action recognition in videos. In other words, the optimization

objective will actually benefit from the fact that the future is not deterministic,

and map the representation of all possible future states to a space that their em-

beddings are close. Concurrent work [Anand et al. 2019] applies similar method

on reinforcement learning.

The contributions of this paper are three-fold: First, we introduce Dense Pre-

dictive Coding (DPC) framework for self-supervised representation learning on
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videos, we task the model to predict the future embedding of the spatio-temporal

blocks recurrently (as used in N-gram prediction). The model is trained to pick

the “correct” future states from a pool of distractors, therefore treated as a multi-

way classification problem. Second, we propose a curriculum training scheme that

enables the model to gradually predict further in the future (up to 2 seconds) with

progressively less temporal context, leading more challenging training samples, and

preventing the model from using shortcuts such as optical flow; Third, we evaluate

the approach by first training the DPC model on the Kinetics-400 [Kay et al. 2017]

dataset using self-supervised learning, and then fine-tuning on action recognition

benchmarks. Our DPCmodel achieves state-of-the-art self-supervised performance

on both UCF101 (75.7% top1 acc) and HMDB51 (35.7% top1 acc), outperform-

ing all previous single-stream (RGB only) self-supervised learning methods by a

significant margin.

2.2 Related Work

Self-supervised learning from images. In recent years, methods for self-

supervised learning on images have achieved an impressive performance in learning

high-level image representations. Inspired by the variants of Word2vec [Bengio et

al. 2003; Mikolov et al. 2013a; Mikolov et al. 2013b] that rely on predicting words

from their context, Doersch et al. [Doersch et al. 2015] proposed the pretext task

of predicting the relative location of image patches. This work spawned a line of

work in context-based self-supervised visual representation learning methods, e.g.

in [Noroozi and Favaro 2016]. In contrast to the context-based idea, another set

of pretext tasks include carefully designed image-level classification, such as rota-

tion [Gidaris et al. 2018] or pseudo-labels from clustering [Caron et al. 2018]. An-

other class of pre-text tasks is for dense predictions, e.g. image inpainting [Pathak

et al. 2016], image colorization [Richard Zhang et al. 2016], and motion segmen-

tation prediction [Pathak et al. 2017]. Other methods instead enforce structural

constraints on the representation space [Noroozi et al. 2017].

Self-supervised learning from videos. Other than the predictive tasks re-

viewed in the introduction, another class of proxy tasks is based on temporal

sequence ordering of the frames [Misra et al. 2016; Fernando et al. 2017; Wei et
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al. 2018]. [Isola et al. 2015; Jayaraman and Grauman 2016; X. Wang and Abhi-

nav Gupta 2015] use the temporal coherence as a proxy loss. Other approaches

use egomotion [P. Agrawal et al. 2015; Jayaraman and Grauman 2015] to enforce

equivariance in feature space [Jayaraman and Grauman 2015]. In contrast, [Jing

and Yingli Tian 2018] predicts the transformation applied to a spatio-temporal

block. In [Kim et al. 2019], the authors propose to use a 3D puzzle as the proxy

loss. Recently [Vondrick et al. 2018; Lai and W. Xie 2019; X. Wang et al. 2019],

leveraged the natural temporal coherency of color in videos, to train a network for

tracking and correspondence related tasks.

Action recognition with two-stream architectures. Recently, the two-stream

architecture [Simonyan and Zisserman 2014] has been a foundation for many com-

petitive methods. The authors show that optical flow is a powerful representation

that improves action recognition dramatically. Other modalities like audio signal

can also benefits visual representation learning [Korbar et al. 2018]. While in this

paper, we deliberately avoid using any information from optical flow or audio, and

aim to probe the upperbound of self-supervised learning with only RGB streams.

We leave it as a future work to explore how much boost optical flow branch and

audio branch can bring to our self-supervised learning architecture.

...

...

pos.

temporal neg.
spatial neg.

video segments

...

...

Figure 2.2: A diagram of Dense Predictive Coding method. The left part is the
pipeline of the DPC, which is explained in Sec. 2.3.1. The right part (in the dashed
rectangle) is an illustration of the Pred-GT pair construction for contrastive loss,
which is explained in Sec. 2.3.2.

2.3 Dense Predictive Coding (DPC)

In this section, we describe the learning framework, details of the architecture, and

the curriculum training that gradually learns to predict further into the future with

progressively less temporal context.
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2.3.1 Learning Framework

The goal of DPC is to predict a slowly varying semantic representation based

on the recent past, e.g. we construct a prediction task that observes about 2.5

seconds of the video and predict the embedding for the future 1.5 seconds, as il-

lustrated in Figure 2.2. A video clip is partitioned into multiple non-overlapping

blocks x1, x2, . . . , xn, with each block containing an equal number of frames. First,

a non-linear encoder function f(.) maps each input video block xt to its latent

representation zt, then an aggregation function g(.) temporally aggregates t con-

secutive latent representations into a context representation ct:

zt = f(xt) (2.1)

ct = g(z1, z2, ..., zt) (2.2)

where xt has dimension RT×H×W×C , and zt is a feature map with dimension

R1×H′×W ′×D, organized as time × height × width × channels. 1

The intuition behind the predictive task is that if one can infer future se-

mantics from ct, then the context representation ct and the latent representations

z1, z2, ..., zt must have encoded strong semantics of the input video clip. Thus, we

introduce a predictive function φ(.) to predict the future. In detail, φ(.) takes the

context representation as the input and predicts the future clip representation:

ẑt+1 = φ(ct) = φ
(
g(z1, z2, . . . , zt)

)
(2.3)

ẑt+2 = φ(ct+1) = φ
(
g(z1, z2, . . . , zt, ẑt+1)

)
(2.4)

where ct denotes the context representation from time step 1 to t, and ẑt+1 de-

notes the predicted latent representation of the time step t + 1. In the spirit of

Seq2seq [Sutskever et al. 2014], representations are predicted in a sequential man-

ner. We predict q steps in the future, at each time step t, the model consumes

the previously generated embedding (ẑt−1) as input when generating the next (ẑt),

further enforcing the prediction to be conditioned on all previous observations and

predictions, and therefore encourages an N-gram like video representation.
1In our initial experiments, xt ∈ R5×128×128×3, zt ∈ R1×4×4×256
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2.3.2 Contrastive Loss

Noise Contrastive Estimation (NCE) [Gutmann and Hyvärinen 2010] constructs a

binary classification task: a classifier is fed with real samples and noise samples,

and the objective is to distinguish them. A variant of NCE [Mnih and Kavukcuoglu

2013; van den Oord et al. 2018] classifies one real sample among many noise sam-

ples. Similar to [Mnih and Kavukcuoglu 2013; van den Oord et al. 2018], we use a

loss based on NCE for the predictive task. NCE over feature embeddings encour-

ages the predicted representation ẑ to be close to the ground truth representation

z, but not so strictly that it has to resolve the low-level stochasticity.

In the forward pass, the ground truth representation z and the predicted rep-

resentation ẑ are computed. The representation for the i-th time step is denoted

as zi and ẑi, which have the same dimensions. Note that, instead of pooling into a

feature vector, both zi and ẑi are kept as feature maps (zi, ẑi ∈ RH′×W ′×D), which

maintains the spatial layout representation. We denote the feature vector in each

spatial location of the feature map as zi,k ∈ RD and ẑi,k ∈ RD where i denotes

the temporal index and k is the spatial index k ∈ {(1, 1), (1, 2), . . . , (H,W )}. The

similarity of the predicted and ground-truth pair (Pred-GT pair) is computed by

the dot product ẑ>i,kzj,m. The objective is to optimize:

L = −
∑
i,k

 log
exp(ẑ>i,k · zi,k)∑
j,m exp(ẑ>i,k · zj,m)

 (2.5)

In essense, this is simply a cross-entropy loss (negative log-likelihood) that

distinguishes the positive Pred-GT pair out of all other negative pairs. For a

predicted feature vector ẑi,k, the only positive pair is (ẑi,k, zi,k), i.e. the predicted

and ground-truth features at the same time step and same spatial location. All the

other pairs (ẑi,k, zj,m) where (i, k) 6= (j,m), are negative pairs. The loss encourages

the positive pair to have a higher similarity than any negative pairs. If the network

is trained in a mini-batch consisting of B video clips and each of the B clips is

from distinct video, more negative pairs can be obtained.

To discriminate the different types of negative pairs, given a Pred-GT pair

(ẑi,k, zj,m), we define the terminology as follows:
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Easy negatives: is the Pred-GT pair that is formed from two distinct videos.

These pairs are naturally easy because they usually have distinct color distributions

and thus predicted feature and ground-truth feature have low similarity.

Spatial negatives: is the Pred-GT pair that is formed from the same video but

at a different spatial position in the feature map, i.e. (k 6= m), while i, j can be

any index.

Temporal negatives (hard negatives): is the Pred-GT pair that comes from

the same video and same spatial position, but from different time steps, i.e. (k =

m, i 6= j). They are the hardest pair to classify because their score will be very

close to the positive pairs.

Overall, we use a similar idea to the Multi-batch training [Tadmor et al. 2016].

If the mini-batch has batch size B, the feature map has spatial dimension H ′×W ′

and the task is to classify one of q time steps, the number of each classes follows:

Pos : Ntemporal : Nspatial : Neasy

=1 : (q − 1) : (H ′W ′ − 1)q : (B − 1)H ′W ′q

Curriculum learning strategy. A curriculum learning strategy is designed by

progressively increasing the number of prediction steps of the model (Sec. 2.4.1).

For instance, the training process can start by predicting only 2 steps (about 1

second), i.e. nly computing ẑt+1 and ẑt+2, and the Pred-GT pairs are constructed

between {zt+1, zt+2} and {ẑt+1, ẑt+2}. After the network has learnt this simple task,

it can be trained to predict 3 steps (about 1.5 seconds), e.g. computing ẑt+1, ẑt+2

and ẑt+3 and construct Pred-GT pairs accordingly. Importantly, curriculum learn-

ing introduces more hard negatives throughout the training process, and forces

the model to gradually learn to predict further in the future with progressively

less temporal context. Meanwhile, the model is gradually trained to grasp the

uncertain nature in its prediction.

2.3.3 Avoiding Shortcuts and Learning Semantics

Empirical experience in self-supervised learning indicates that if the proxy task

is well-designed and requires semantic understanding, a more difficult learning

task usually leads to a better-quality representation [Lee et al. 2017]. However,
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ConvNets are notoriously known for learning shortcuts for tackling tasks [Doersch

et al. 2015; Noroozi and Favaro 2016; Wei et al. 2018]. In our training, we employ

a number of mechanisms to avoid potential shortcuts, as detailed next.

Disrupting optical flow. A trivial solution of our predictive task is that f(.),

g(.) and φ(.) together learn to capture low-level optical flow information and per-

form feature extrapolation as the prediction. To force the model to learn high-level

semantics, a critical operation is frame-wise augmentation, i.e. andom augmenta-

tion for each individual frame in the video blocks, such as frame-wise color jittering

including random brightness, contrast, saturation, hue and random greyscale dur-

ing training. Furthermore, the curriculum of predicting further into the future, i.e.

redicting the semantics for the next a few seconds, also ensures that optical flow

alone will not be able to solve this prediction task.

Temporal receptive field. The temporal receptive field (RF) of f(.) is limited

by cutting the input video clip into non-overlapping blocks before feeding it into

f(.). Thus, the effective temporal RF of each feature map zi is strictly restricted

to be within each video block. This avoids the network being able to discriminate

positive and hard-negative by recognizing relative temporal position.

Spatial receptive field. Due to the depth of CNN, each feature vector ẑi,k in

the final predicted feature map ẑi has a large spatial RF that (almost) covers the

entire input spatial dimension. This creates a shortcut to discriminate positive and

spatial negative by using padding patterns. One can limit the spatial RF by cutting

input frames into patches [van den Oord et al. 2018; Kim et al. 2019]. However

this brings some drawbacks: First, the self-supervised pre-trained network will

have limited receptive field (RF), so the representation may not generalize well

for downstream tasks where a large RF is required. Second, limiting spatial RF

in videos makes the context feature too weak. The context feature has a spatio-

temporal RF that covers a thin cube in the video flow. Neglecting context is also

not ideal for understanding video semantics and brings ambiguity to the predictive

task. Considering this trade-off, our method does not restrict the spatial RF.

Batch normalization. Common practice uses Batch Normalization [Ioffe and

Szegedy 2015] (BN) in deep CNN architecture. The BN layer may provide short-

cuts that the network acknowledges the statistical distribution of the mini-batch,

which benefits the classification. In [van den Oord et al. 2018], the authors demon-
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strate BN results in network cheating, and the ResNet trained with BN does not

generalize to the downstream image classification task. In our method, we find

the effect of BN shortcut is very limited. The self-supervised training gives similar

accuracy using either BN or Instance Normalization [Ulyanov et al. 2016] (IN). For

downstream tasks like classification, a network with BN gives 5%-10% accuracy

gain comparing with a network with IN. It is hard to train a deep CNN without

normalization for either self-supervised training or supervised training. Overall,

we use BN in our encoder function f(.).

2.3.4 Network Architecture

We choose to use a 3D-ResNet similar to [Hara et al. 2018] as the encoder f(.).

Following the convention of [Feichtenhofer et al. 2019a] there are four residual

blocks in ResNet architecture, namely res2, res3, res4 and res5, and only expand

the convolutional kernels in res4 and res5 to be 3D ones. For experiment analysis,

we used 3D-ResNet18, denoted as R-18 below.

To train a strong encoder f(.), a weak aggregation function g(.) is preferable.

Specifically, a one-layer Convolutional Gated Recurrent Unit (ConvGRU) with

kernel size (1, 1) is used, which shares the weights amongst all spatial positions in

the feature map. This design allows the aggregation function to propagate features

in the temporal axis. A dropout [Srivastava et al. 2014] with p = 0.1 is used when

computing hidden state in each time step. A shallow two-layer perceptron is used

as the predictive function φ(.).

2.3.5 Self-Supervised Training

For data pre-processing, we use 30 fps videos with a uniform temporal downsam-

pling by factor 3, i.e. ake one frame from every 3 frames. These consecutive frames

are grouped into 8 video blocks where each block consists of 5 frames. Frames are

sampled in a consecutive way with consistent temporal stride to preserve the tem-

poral regularity, because random temporal stride introduces uncertainties to the

predictive task especially when the network needs to distinguish the difference

among different time steps. Specifically, each video block spans over 0.5s and the

entire 8 segments span over 4s in the raw video. The predictive task is initially

designed to observe the first 5 blocks and predict the remaining 3 blocks (denoted
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as ‘5pred3’ afterwards), which is observing 2.5 seconds to predict the following 1.5

seconds. We also experiment with different predictive configuration like 4pred4 in

Sec. 2.4.1.

For data augmentation, we apply random crop, random horizontal flip, random

grey, and color jittering. Note that the random crop and random horizontal flip

are applied for the entire clip in a consistent way. Random grey and color jittering

are applied in a frame-wise manner to prevent the network from learning low-level

flow information as mentioned above (in Sec. 2.3.3), e.g. each video block may

contain both colored and grey-scale image with different contrast. All models are

trained end-to-end using Adam [Kingma and Ba 2014b] optimizer with an initial

learning rate 10−3 and weight decay 10−5. Learning rate is decayed to 10−4 when

validation loss plateaus. A batchsize of 64 samples per GPU is used, and our

experiments use 4 GPUs.

2.4 Experiments and Analysis

In the following sections we present controlled experiments, and aim to investigate

four aspects: First, an ablation study on the DPC model to show the function of

different design choices, e.g. sequential prediction, dense prediction. Second, the

benefits of training on a larger, and more diverse dataset. Third, the correlation

between performance on self-supervised learning and performance on the down-

stream supervised learning task. Fourth, the variation in the learnt representations

when predicting further into the future.

Datasets. The DPC is a general self-supervised learning framework for any video

types, but we focus here on human action videos e.g. UCF101 [Soomro et al.

2012], HMDB51 [Hildegard Kuehne et al. 2011] and Kinetics-400 [Kay et al. 2017]

datasets. UCF101 contains 13K videos spanning over 101 human action classes.

HMDB51 contains 7K videos from 51 human action classes. Kinetics-400 (K400)

is a big video dataset containing 306K video clips for 400 human action classes.

Evaluation methodology. The self-supervised model is trained either on UCF101

or K400. The representation is evaluated by its performance on a downstream task,

i.e. ction classification on UCF101 and HMDB51. For all the experiments below:

we report top1 accuracy for self-supervised learning in the middle column of all ta-

bles; and report the top1 accuracy for supervised learning for action classification

29



on UCF101 in the rightmost column. In self-supervised learning, the top1 accu-

racy refers to how often the multi-way classifier picks the right Pred-GT pair, i.e.

his is not related with any action classes. While for supervised learning, the top1

accuracy indicates the action classification accuracy on UCF101. Note, we report

the first training/testing splits of UCF101 and HMDB51 in all the experiments,

apart from the comparison with the state of the art in Table 8.5 where we report

the average accuracy over three splits.

Action classifier. During supervised learning, 5 video blocks are passed as in-

put (the same as for self-supervised training, i.e. ach block is of R5×128×128×3), and

encoded as a sequence of feature maps with the encoding function f(.) (a 3D-

ResNet). As with the self-supervised architecture, the aggregation function g(.) (a

ConvGRU) aggregates the feature maps over time and produces a context feature.

The context feature is further passed through a spatial pooling layer followed by a

fully-connected layer and a multi-way softmax for action classification. The clas-

sifier is trained using the Adam [Kingma and Ba 2014b] optimizer with an initial

learning rate 10−3 and weight decay 10−3. Learning rate is decayed twice to 10−4

and 10−5 Note that the entire network is trained end-to-end. The details of the

architecture are given in the appendix.

During inference, video clips from the validation set are densely sampled from

an input video and cut into blocks (R5×128×128×3) with half-length overlapping.

Augmentations are removed and only center crop is used. The softmax probabili-

ties are averaged to give the final classification result.

2.4.1 Performance Analysis

Ablation Study on Architecture

In this section, we present an ablation study by gradually removing components

from the DPC model (see Table 2.1). For efficiency, all the self-supervised learning

experiments refer to the 5pred3 setting, i.e. video blocks (2.5 second) are used as

input to predict the future 3 steps (1.5 second).

Compared with the baseline model trained with random initialization and fully

supervised learning, our DPC model pre-trained with self-supervised learning has

a significant boost (top1 acc: 46.5% vs. 60.6%). When removing the sequential

prediction, i.e. ll 3 future steps are predicted in parallel with three different fully-
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Network Self-Sup. (UCF) Sup. (UCF)
setting method top1 acc top1 acc

R-18 - - (rand. init.) - 46.5
R-18 5pred3 DPC 53.6 60.6
R-18 5pred3 remove Seq. 51.3 56.9
R-18 5pred3 remove Map 36.5 44.9

Table 2.1: Ablation study of DPC. remove Seq means removing the sequential
prediction mechanism in DPC, and replacing by parallel prediction. remove Map
means removing the dense feature map design in DPC, and use a feature vec-
tor instead. Self-supervised tasks are trained on UCF101 using 5pred3 setting.
Representation learned from each self-supervised task is evaluated by training a
supervised action classifier on UCF101.

connected layers, the accuracy for both self-supervised learning and supervised

learning start to drop. Lastly, we further replace the dense feature map by the

average-pooled feature vector, i.e. t becomes a CPC-like model, we are not able

to train this model either on self-supervised learning task or supervised learning.

This demonstrates that dense predictive coding is essential to our success, and

sequential prediction also helps to boost the model performance.

Benefits of Large Datasets

In this section, we investigate the benefits of pre-training on a large-scale dataset

(UCF101 vs. K400), we keep the 5pred3 setting and evaluate the effectiveness for

downstream task on UCF101. Results are shown in Table 2.2.

Network Self-Sup. Sup. (UCF)
setting dataset top1 acc top1 acc

R-18 5pred3 UCF101 53.6 60.6
R-18 5pred3 K400 61.1 65.9

Table 2.2: Results of DPC on UCF101 and K400 respectively. Both experiments
use 5pred3 setting. Representations are evaluated by training a supervised action
classifier on UCF101 (right column).

Training the model on K400 increases the self-supervised accuracy to 61.1%,

and supervised accuracy from 60.6% to 65.9%, suggesting the model has captured

more regularities than a smaller dataset like UCF101. It is clear that DPC will

benefit from large-scale video dataset (infinite supply available), which naturally

provides more diverse negative Pred-GT pairs.
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Self-Supervised vs. Classification Accuracy

In this section, we investigate the correlation between the accuracy of self-supervised

learning and downstream supervised learning. While training DPC (5pred3 task

on K400), we evaluate the representation at different training stages (number of

epochs) on the downstream task (on UCF101). The results are shown in Figure 2.3.

48 50 52 54 56 58 60 62
self-supervised top1 acc(%) on K400

60

61

62

63

64

65

66

67
cl

as
si

fic
at

io
n 

to
p1

 a
cc

(%
) o

n 
U

C
F1

01

61.2

62.8

64.2

65.9

Figure 2.3: Relation between self-supervised accuracy and classification accu-
racy. Self-supervised model (DPC) is trained on K400 and the weights at
epoch {13, 48, 81, 109} are saved, which achieve {50.7%, 57.4%, 59.1%, 61.1%} self-
supervised accuracy respectively. The checkpoints are evaluated by finetuning on
UCF101.

It can be seen that a higher accuracy in self-supervised task always leads to a

higher accuracy in downstream classification. The result indicates that DPC has

actually learnt visual representations that are not only specific to self-supervised

task, but are also generic enough to be beneficial for the downstream task.

Benefits of Predicting Further into the Future

Due to the increase of uncertainty, predicting further into the future in video

sequences gets more difficult, therefore more abstract (semantic) understanding is

required. We hypothesize that if we can train the model to predict further, the

learnt representation should be even better. In this section, we employ curriculum

learning to gradually train the model to predict further with progressively less

temporal context, i.e. rom 5pred3 to 4pred4 (4 video blocks as input and predict

the future 4 steps).

The result shows that the 4pred4 setting gives a substantially lower accuracy on

the self-supervised learning than 5pred3. This is actually not surprising, as 4pred4
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Network Self-Sup. (K400) Sup. (UCF)
setting curr. top1 acc top1 acc

R-18 5pred3 7 61.1 65.9
R-18 4pred4 7 48.3 64.9
R-18 5pred3+4pred4 3 50.8 68.2

Table 2.3: Results of DPC with different prediction steps. All models are trained
on K400 with same number of 320k iterations. Note that for 5pred3 and 4pred4,
the model is trained from scratch. ‘5pred3+4pred4’ denotes that curriculum learn-
ing strategy, i.e. nitialized with the pre-trained weights from 5pred3 task. The
representation is evaluated by training an action classifier on UCF101 (right col-
umn).

naturally introduces 33% more hard negative pairs than predicting future 3 steps,

making the self-supervised learning more difficult (explained in Section 2.3.2).

Interestingly, despite a lower accuracy on self-supervised learning task, when

comparing with 5pred3, curriculum learning on 4pred4 provides 2.3% performance

boost on the downstream supervised task (top1 acc: 68.2% vs. 65.9%). The

experiment also shows that curriculum learning is effective as it achieves higher

performance than training 4pred4 task from scratch (top1 acc: 68.2% vs. 64.9%).

Similar effect is also observed in [Korbar et al. 2018].

Summary

Through the experiments above, we have demonstrated the keys to the success of

DPC. First, it is critical to do dense predictive coding, i.e. redicting both temporal

and spatial representation in the future blocks, and sequential prediction enables

a further boost in the quality of the learnt representation. Second, a large-scale

dataset helps to improve the self-supervised learning, as it naturally contains more

world patterns and provides more diverse negative sample pairs. Third, the repre-

sentation learnt from DPC is generic, as a higher accuracy in the self-supervised

task also yield a higher accuracy in the downstream classification task. Fourth,

predicting further into the future is also beneficial, as the model is forced to encode

the high-level semantic representations, and ignore the low-level information.

2.5 Comparison with State-of-the-art Methods

The results are given in Table 8.5, four phenomena can be observed: First, when

self-supervised training with only UCF101, our DPC (60.6%) outperforms all pre-

vious methods under similar settings. Note that OPN [Lee et al. 2017] performs
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Self-Supervised Method (RGB stream only) Supervised Acc. (top1)
Method Architecture (#param) Dataset UCF101 HMDB51
Random Initialization 3D-ResNet18 (14.2M) - 46.5 17.1
ImageNet Pretrained VGG-M-2048 (25.4M) - 73.0 40.5
Shuffle & Learn (227× 227) CaffeNet (58.3M) UCF101/HMDB51 50.2 18.1
OPN (80× 80) VGG-M-2048 (8.6M) UCF101/HMDB51 59.8 23.8
OPN (120× 120) VGG-M-2048 (11.2M) UCF101/HMDB51 55.4 -
OPN (224× 224) VGG-M-2048 (25.4M) UCF101/HMDB51 51.9 -
Ours (128× 128) 3D-ResNet18 (14.2M) UCF101 60.6 -
3D-RotNet (112× 112) 3D-ResNet18-full (33.6M) Kinetics-400 62.9 33.7
3D-ST-Puzzle (224× 224) 3D-ResNet18-full (33.6M) Kinetics-400 63.9 (65.8?) 33.7?

Ours (128× 128) 3D-ResNet18 (14.2M) Kinetics-400 68.2 34.5
Ours (224× 224) 3D-ResNet34 (32.6M) Kinetics-400 75.7 35.7

Table 2.4: Comparison with other self-supervised methods, results are reported
as an average over three training-testing splits. Full reference list: ImageNet
Pretrained [Simonyan and Zisserman 2014], Shuffle & Learn [Misra et al. 2016],
OPN [Lee et al. 2017], 3D-RotNet [Jing and Yingli Tian 2018], 3D-ST-Puzzle [Kim
et al. 2019]. Note that, previous works [Jing and Yingli Tian 2018; Kim et al.
2019] use full-scale 3D-ResNet18, i.e. ll convolutions are 3D, and the input sizes
for different models have been shown. ?indicates the results from the multi-task
self-supervised learning, i.e. otation + 3D Puzzle.

worse when input resolution increases, which indicates a simple self-supervised

task like order prediction may not capture the rich semantics from videos. Second,

when using Kinetics-400 for self-supervised pre-training, our DPC (68.2%) outper-

forms all the previous methods by a large margin. Note that, in the work [Jing and

Yingli Tian 2018; Kim et al. 2019], the authors use a full-scale 3D-ResNet18 archi-

tecture (33.6M parameters), i.e. ll convolutions are 3D, however our modified 3D-

ResNet18 has fewer parameters (only the last 2 blocks are 3D convolutions). The

authors of [Kim et al. 2019] obtain 65.8% accuracy by combing the rotation classi-

fication [Jing and Yingli Tian 2018] with their Space-Time Cubic Puzzles method,

essentially multi-task learning. When only considering their Space-Time Cubic

Puzzles method, they obtain 63.9% top1 accuracy. On HMDB51, our method also

outperforms the previous state of the art result by 0.8% (34.5% vs. 33.7%). Third,

when applying on larger input resolution (224× 224) and using model with more

capacity (3D-ResNet34), our DPC clearly dominate all self-supervised learning

methods (75.7% on UCF101 and 35.7% on HMDB51), further demonstrating that

DPC is able to take advantage from networks with more capacity and today’s large-

scale datasets. Fourth, ImageNet pretrained weights have been a golden baseline

for action recognition [Simonyan and Zisserman 2014], our self-supervised DPC is

the first model that surpasses the performance of models (VGG-M) pre-trained

with ImageNet (75.7% vs. 73.0% on UCF101).
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2.5.1 Visualization

(a)

(b)

Figure 2.4: More examples of video retrieval with nearest neighbour (same setting
as Figure 8.1). Figure 2.4a is the NN retrieval with DPC pre-trained f(.) on
UCF101 (performance reported in Sec. 2.4.1). Figure 2.4b is the NN retrieval with
ImageNet inflated f(.). Retrieval is performed on UCF101 validation set.

We visualize the Nearest Neighbour (NN) of the video segments in the spatio-

temporal feature space in Figure 2.4 and Figure 8.1. In detail, one video segment is

randomly sampled from each video, then the spatio-temporal feature zi = f(xi) is

extracted and pooled into a vector. Then the feature vector is used to compute the

cosine similarity score. In all figures, Figure 2.4a includes the video clips retrieved

using our DPC model from self-supervised learning, note that the network does

not receive any class label information during training. In comparison, Figure 2.4b

uses the inflated ImageNet pre-trained weights.

It can be seen, that the ImageNet model is able to encode the scene semantics,

e.g. human faces, crowds, but does not capture any semantics about the human

actions. In contrast, our DPC model has actually learnt the video semantics

without using any manual annotation, for instance, despite the background change

in running, DPC can still correctly retrieve the video block.

2.5.2 Discussion

Why should the DPC model succeed in learning a representation suitable for action

recognition, given the problem of a non-deterministic future? There are three

reasons: First, the use of the softmax function and multi-way classification loss

enables multi-modal, skewed, peaked or long tailed distributions; the model can
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therefore handle the task of predicting the non-deterministic future. Second, by

avoiding the shortcuts, the model has been prevented from learning simple smooth

extrapolation of the embeddings; it is forced to learn semantic embeddings to

succeed in its learning task. Third, in essence, DPC is trained by predicting future

representations, and use them as a “query” to pick the correct “key” from lots of

distractors. In order to succeed in this task, the model has to learn the shared

semantics of the multiple possible future states, as this is the only way to always

solve the multiple choice problem, no matter what future state appears along

with the distractors. This common/shared representation is the invariance we are

wishing for, i.e. igher level semantics. In other words, the representation of all

these possible future states will be mapped to a space that their embeddings are

close.

2.6 Conclusion

In this paper, we have introduced the Dense Predictive Coding (DPC) frame-

work for self-supervised representation learning on videos, and outperformed the

previous state-of-the-art by a large margin on the downstream tasks of action

classification on UCF101 and HMDB51. As for future work, one straightforward

extension of this idea is to employ different methods for aggregating the temporal

information – instead of using a ConvGRU for temporal aggregation (g(.) in the

paper), other methods like masked CNN and attention based methods are also

promising. In addition, empirical evidence shows that optical flow is able to boost

the performance for action recognition significantly; it will be interesting to explore

how optical flow can be trained jointly with DPC with self-supervised learning to

further enhance the representation quality.
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Appendices for this chapter can be found in the online version of the paper. 1

Statement of authorship

A statement of authorship for this paper is provided in Appendix A.
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Abstract

The objective of this paper is self-supervised learning from video, in

particular for representations for action recognition. We make the following

contributions: (i) We propose a new architecture and learning framework

Memory-augmented Dense Predictive Coding (MemDPC) for the task. It is

trained with a predictive attention mechanism over the set of compressed

memories, such that any future states can always be constructed by a convex

combination of the condensed representations, allowing to make multiple

hypotheses efficiently. (ii) We investigate visual-only self-supervised video

representation learning from RGB frames, or from unsupervised optical flow,

or both. (iii) We thoroughly evaluate the quality of the learnt representation

on four different downstream tasks: action recognition, video retrieval,

learning with scarce annotations, and unintentional action classification. In

all cases, we demonstrate state-of-the-art or comparable performance over

other approaches with orders of magnitude fewer training data.
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3.1 Introduction

Recent advances in self-supervised representation learning for images have yielded

impressive results, e.g. [van den Oord et al. 2018; Hénaff et al. 2019; Hjelm et

al. 2019; Yonglong Tian et al. 2020a; Ji et al. 2019; K. He et al. 2020; Zhuang

et al. 2019; T. Chen et al. 2020], with performance matching or exceeding that

of supervised representation learning on downstream tasks. However, in the case

of videos, although there have been similar gains for multi-modal self-supervised

representation learning, e.g. [Arandjelović and Zisserman 2017; Korbar et al. 2018;

C. Sun et al. 2019; Alwassel et al. 2019; Piergiovanni et al. 2020; Miech et al.

2020], progress on learning only from the video stream (without additional audio

or text streams) is lagging behind. The objective of this paper is to improve the

performance of video only self-supervised learning.

Compared to still images, videos should be a more suitable source for self-

supervised representation learning as they naturally provide various augmentation,

such as object out of plane rotations and deformations. In addition, videos contain

additional temporal information that can be used to disambiguate actions e.g. open

vs. close. The temporal information can also act as a free supervisory signal to

train a model to predict the future states from the past either passively by watching

videos [Vondrick et al. 2016a; Lotter et al. 2017; Han et al. 2019] or actively in an

interactive environment [Dosovitskiy and Koltun 2017], and thereby learn a video

representation.

Figure 3.1: Can you predict the next frame? Future prediction naturally in-
volves challenges from multiple hypotheses, e.g. the motion of each leaf, reflections
on the water, hands and the golf club can be in many possible positions

Unfortunately, the exact future is indeterministic (a problem long discussed in

the history of science, and known as “Laplace’s Demon”). As shown in Figure 3.1,

this problem is directly apparent in the stochastic variability of scenes, e.g. trying

to predict the exact motion of each leaf on a tree when the wind blows, or the

changing reflections on the water. More concretely, consider the action of ‘playing
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golf’ – once the action starts, a future frame could have the hands and golf club in

many possible positions, depending on the person who is playing. Learning visual

representation by predicting the future therefore requires designing specific train-

ing schemes that simultaneously circumvents the unpredictable details in exact

frames, and also handles multiple hypotheses and incomplete data – in particular

only one possible future is exposed by the frames of one video.

Various approaches have been developed to deal with the multiple possible

futures for an action. Vondrick et al. [Vondrick et al. 2016a] explicitly generates

multiple hypotheses, and only the hypothesis that is closest to the true observation

is chosen during optimization, however, this approach limits the number of possible

future states. Another line of work [van den Oord et al. 2018; Han et al. 2019]

circumvents this difficulty by using contrastive learning – the model is only asked

to predict one future state that assigns higher similarity to the true observation

than to any distractor observation (from different videos or from elsewhere in the

same video). Recalling the ‘playing golf’ example, the embedding must capture

the hand movement for this action, but not necessarily the precise position and

velocity, only sufficiently to disambiguate future frames.

In this paper, we continue the idea of contrastive learning, but improve it by

the addition of a Compressive Memory, which maps “lifelong” experience to a set

of compressed memories and helps to better anticipate the future. We make the

following four contributions: First, we propose a novel Memory-augmented Dense

Predictive Coding (MemDPC) architecture. It is trained with a predictive attention

mechanism over the set of compressed memories, such that any future states can

always be constructed by a convex combination of the condensed representations,

allowing it to make multiple hypotheses efficiently. Second, we investigate visual

only self-supervised video representation learning from RGB frames, or from un-

supervised optical flow, or both. Third, we argue that, in addition to the standard

linear probes and fine-tuning [Richard Zhang et al. 2016; C. Sun et al. 2019],

that have been used for evaluating representation from self-supervised learning,

a non-linear probe should also be used, and demonstrate the difference that this

probe makes. Finally, we evaluate the quality of learnt feature representation

on four different downstream tasks: action recognition, learning under low-data

regime (scarce annotations), video retrieval, and unintentional action classification;

and demonstrate state-of-the-art performance over other approaches with similar
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settings on all tasks.

3.2 Related Work

Self-supervised learning for images has undergone rapid progress in visual

representation learning recently [van den Oord et al. 2018; Hénaff et al. 2019;

Hjelm et al. 2019; Yonglong Tian et al. 2020a; Ji et al. 2019; K. He et al. 2020;

Zhuang et al. 2019; T. Chen et al. 2020]. Generally speaking, the success can be

attributed to one specific training paradigm, namely contrastive learning [Chopra

et al. 2005; Gutmann and Hyvärinen 2010], i.e. contrast the positive and negative

sample pairs.

Self-supervised learning for videos has explored various ideas to learn repre-

sentations by exploiting spatio-temporal information [Isola et al. 2015; P. Agrawal

et al. 2015; Jayaraman and Grauman 2015; X. Wang and Abhinav Gupta 2015;

Misra et al. 2016; Vondrick et al. 2016a; Brabandere et al. 2016; Jayaraman and

Grauman 2016; Lotter et al. 2017; Fernando et al. 2017; Lee et al. 2017; Wiles

et al. 2018; Gan et al. 2018; Jakab et al. 2018; Jing and Yingli Tian 2018; Vondrick

et al. 2018; Kim et al. 2019; D. Xu et al. 2019; Diba et al. 2019; Lai and W. Xie

2019; X. Wang et al. 2019; Alwassel et al. 2019; Lai et al. 2020]. Of more relevance

here is the line of research using contrastive learning, e.g. [Arandjelović and Zis-

serman 2017; Arandjelović and Zisserman 2018; Korbar et al. 2018; Alwassel et al.

2019; Patrick et al. 2020; Piergiovanni et al. 2020] learn from visual-audio corre-

spondence, [Miech et al. 2020] learns from video and narrations, and our previous

work [Han et al. 2019] learns video representations by predicting future states.

Memory models have been considered as one of the fundamental building blocks

towards intelligence. In the deep learning literature, two different lines of research

have received extensive attention, one is to build networks that involve an internal

memory which can be implicitly updated in a recurrent manner, e.g. LSTM [Hochre-

iter and Schmidhuber 1997] and GRU [Chung et al. 2014]. The other line of re-

search focuses on augmenting feed-forward models with an explicit memory that

can be read or written to with an attention-based procedure [K. Xu et al. 2015;

Vaswani et al. 2017; Bahdanau et al. 2015; X. Wang et al. 2018; Devlin et al. 2018;
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Kumar et al. 2016; Graves et al. 2014; Sukhbaatar et al. 2015]. In this work, our

compressive memory falls in the latter line, i.e. an external memory module.

3.3 Methodology

The proposed Memory-augmented Dense Predictive Coding (MemDPC), is a concep-

tually simple model for learning a video representation with contrastive predictive

coding. The key novelty is to augment the previous DPC model with a Com-

pressive Memory. This provides a mechanism for handling the multiple future

hypotheses required in learning due to the problem that only one possible future

is exposed by a particular video.

The architecture is shown in Figure 3.2. As in the case of DPC, the video is

partitioned into 8 blocks with 5 frames each, and an encoder network f generates

an embedding z for each block. For inference, these embeddings are aggregated

over time by a function g into a video level embedding c. During training, the

future block embeddings ẑ are predicted and used to select the true embedding

in the dense predictive coding manner. In MemDPC, the prediction of ẑ is from a

convex combination of memory elements (rather from c directly as in DPC), and

it is this restriction that also enables the network to handle multiple hypotheses,

as will be explained below.

memory 
module memory module

Figure 3.2: Architecture of the Memory-augmented Dense Predictive Coding
(MemDPC). Note, the memory module is only used during the self-supervised train-
ing. The ct embedding is used for downstream tasks
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3.3.1 Memory-augmented Dense Predictive Coding (MemDPC)

Video Block Encoder. As shown in Figure 3.2, we partition the input video

sequence into multiple blocks x1, ..., xt, xt+1, ..., where each block is composed of

multiple video frames. Then a shared feature extractor f(.) (architecture details

are given in the appendix) extracts the video features zi from each video block xi:

zi = f(xi) (3.1)

Temporal Aggregation. After acquiring block representations, multiple block

embeddings are aggregated to obtain a context feature ct, summarizing the infor-

mation over a longer temporal window. Specifically,

ct = g(z1, z2, ..., zt) (3.2)

in our case, we simply adopt Recurrent Neural Networks (RNNs) for g(.), but

other auto-regressive model should also be feasible for temporal aggregation.

Compressive Memory. In order to enable efficient multi-hypotheses estimation,

we augment the predictive models with an external common compressive memory.

This external memory bank is shared for the entire dataset during training, and is

accessed by a predictive addressing mechanism that infers a probability distribution

over the memory entries, where each memory entry acts as a potential hypothesis.

In detail, the compressed memory bank is written M = [m1,m2, ...,mk]> ∈

Rk×C , where k is the memory size and C is the dimension of each compressed

memory. During training, a predictive memory addressing mechanism (Eq. 3.3) is

used to draw a hypothesis from the compressed memory, and the predicted future

states ẑt+1 is then computed as the expectation of sampled hypotheses (Eq. 3.4):

pt+1 = Softmax
(
φ(ct)

)
(3.3)

ẑt+1 =
k∑
i=1

p(i,t+1) ·mi = pt+1M (3.4)

where p(i,t+1) ∈ Rk refers to the contribution of i-th memory slot for the future rep-

resentation at time step t. A future prediction function φ(.) projects the context

representation to p(i,t+1), in practice, φ(.) is learned with a multilayer perceptron.
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The softmax operation is applied on the k dimension.

Multiple Hypotheses. The dot product of the predicted and desired future pairs

can be rewritten as:

ψ(ẑ>, z) =
(

k∑
i=1

pi ·m>i

)
z =

k∑
i=1

pi ·
(
m>i z

)
(3.5)

where m>i z refers to the dot product (i.e. similarity) between a single memory slot

and the feature states from the observation. The objective of φ(.) is to predict

a probability distribution over k hypotheses in the memory bank, such that the

expectation of m>i z for a positive pair is larger than that of negative pairs. Since

the future is uncertain, the desired future feature z might be similar to one of

the multiple hypotheses in the memory bank, say either mp or mq, for instance.

To handle this uncertainty, the future prediction function φ(.) just needs to put

a higher probability on both the p and q slots, such that Equation 3.5 is always

large no matter which state the future is. In this way, the burden of modelling the

future uncertainly is allocated to the memory bank M and future prediction func-

tion φ(.), thus the backbone encoder f(.) and g(.) can save capacity and capture

the high-level action trajectory.

Memory Mechanism Discussion. Note, in contrast to the memory mechanism

in Wu et al. [Z. Wu et al. 2018] and MoCo [K. He et al. 2020], which has the goal

of storing more data samples to increase the number of negative samples during

contrastive learning, our Compressive Memory has the goal of aiding learning by

compressing all the potential hypotheses within the entire dataset, and allowing

access through the predictive addressing mechanism. The memory mechanism

shares similarity with NetVLAD [Arandjelović et al. 2016], which represents a

feature distribution with “trainable centroids”. However, in NetVLAD the goal

is for compact and discriminative feature aggregation, and it encodes a weighted

sum of residuals between feature vectors and the centroids. In contrast, our goal

with φ(.) is to predict attention weights for the entries in the memory bank M,

in order to construct the future state as a convex combination these entries. The

model can also sequentially predict further into the future with the same memory

bank.
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3.3.2 Contrastive Learning

Contrastive Learning generally refers to the training paradigm that forces the

similarity scores of positive pairs to be higher than those of negatives.

Figure 3.3: Details of the contrastive loss. Contrastive loss is computed densely,
i.e. over both spatial and temporal dimension of the feature

Specifically, in MemDPC, we predict the future states recursively, ending up with

a sequence of predicted features ẑt+1, ẑt+2, . . . , ẑend and the video feature from the

true observations zt+1, zt+2, . . . , zend. As shown in Figure 3.3, each predicted ẑ

in practise is a dense feature map. To simplify the notation, we denote temporal

index with i and denote other indexes including spatial index and batch-wise index

as k, where batch-wise index means the index in the current mini-batch, k ∈

{(1, 1, 1), (1, 1, 2), ..., (B,H,W )}. The objective function to minimize becomes:

L = −E
∑
i,k

log eψ(ẑ>i,k,zi,k)

eψ(ẑ>
i,k
,zi,k) +∑

(j,m)6=(i,k) e
ψ(ẑ>

i,k
,zj,m)

 (3.6)

where ψ(·) is acting as a critic function, in our case, we simply use dot product

between the two vectors (we also experiment with L2-normalization, and find it

gives similar performance on downstream tasks). Essentially, the objective function

acts as a multi-way classifier, and the goal of optimization is to learn the video

block encoder that assigns the highest values for (ẑi,k, zi,k) i.e. higher similarity

between the predicted future states and that from true observations originating

from the same video and spatial-temporal aligned position.
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3.3.3 Improving Performance by Extensions

As MemDPC is a general self-supervised learning framework, it can be combined

with other ‘modules’ like two-stream networks and bi-directional RNN to improve

the quality of the visual representations.

Two-stream Architecture. We represent dense optical flow as images by stack-

ing the x and y displacement fields and another zero-valued array to make them

3-channel images. There is no need to modify the MemDPC framework, and it can be

directly applied to optical flow inputs by simply replacing the input xt from RGB

frames to optical flow frames. We use late fusion like [Simonyan and Zisserman

2014; Feichtenhofer et al. 2016] to combine both streams.

Bi-directional MemDPC. From the perspective of human perception, where only

the future is actively predicted, MemDPC is initially designed to be single-directional.

However, when passively taking the videos as input, predicting backwards becomes

feasible. Bi-directional MemDPC has a shared feature extractor f(.) to extract the

features z1, z2, ..., zt, but has two identical aggregators gf (.) and gb(.) denoting

forward and backward aggregation. They aggregate the bi-directional context

features cft and cbt . Then MemDPC predicts the past and the future features with

the shared φ(.) and shared memory bank M, and constructs contrastive losses for

both directions, namely Lf and Lb. The final loss is the average of the losses from

both directions.

3.4 How to Evaluate Self-Supervised Learning?

The standard way to evaluate the quality of the learned representation is to assess

the performance on downstream tasks using two protocols: (i) a linear probe –

freezing the network and only train a linear head for the downstream task; or (ii)

fine-tuning the entire network for the downstream task. For example, in (i) if the

downstream task is classification, e.g. of UCF101, then a linear classifier is trained

on top of the frozen base network. In (ii) the self-supervised training of the base

network only provides the initialization. However, there is no particular reason

why self-supervision should lead to features that are linearly separable, even if the
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representation has encoded semantic information. Consequently, in addition to

the two protocols mentioned above, we also evaluate the frozen features with non-

linear probing, e.g. in the case of a classification downstream task, a non-linear

MLP head is trained as the final classifier. In the experiments we evaluate the

representation on four different downstream tasks.

Action Classification is a common evaluation task for self-supervised learning

on videos and it allows us to compare against other methods. After self-supervised

training, our MemDPC can be evaluated on this task under two settings: (i) linear

and non-linear probing with a fixed network (here the entire backbone network,

namely f(.), g(.)); and (ii) fine-tuning the entire network end-to-end with super-

vised learning. For the embedding, as shown in Figure 3.4, we take the input video

blocks x1, x2, ..., xt in the same way as MemDPC and extract the context feature ct
using the feature extractor f(.) for each block and temporal aggregator g(.); then

we spatially pool the context feature ct to obtain the embedding. We describe

the training details in Section 3.5.3. The detailed experiment can be found in

Section 3.5.4.

.....

Figure 3.4: Architecture of the action classification framework

Data Efficiency and Generalizability are reflected by the effectiveness of the

representation under a scarce-annotation regime. For this task, we take the MemDPC

representation and finetune it for action classification task, but limit the model to

only use 10%, 20% and 50% of the labelled training samples, then we report the

accuracy on the same testing set. The classifier has the identical training pipeline

as shown in Figure 3.4, and training details are explained in Section 3.5.3. The

detailed experiment can be found in Section 3.5.5.

Video Action Retrieval directly evaluates the quality of the representation with-

out any further training, aiming to provide a straightforward understanding on the

quality of the learnt representation. Here, we use the simplest non-parametric clas-
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sifier, i.e. k-nearest neighbours, to determine whether semantically similar actions

are close in the high-dimensional space. Referring to Figure 3.4, for each video,

we truncate it into blocks x1, x2, ..., xt and extract the context feature ct with the

f(.) and g(.) trained with MemDPC. We spatially pool ct to get a context feature

vector, which is directly used as a query vector for measuring the similarity with

other videos in the dataset. The detailed experiment can be found in Section 3.5.6.

Unintentional Actions is a straightforward application for a predictive frame-

work like MemDPC. We evaluate our representation on the task of unintentional event

classification that is proposed in the recent Oops dataset [Epstein et al. 2020]. The

core of unintentional events detection in video is a problem of anomaly detection.

Usually, one of the predicted hypotheses tends to match true future relatively well

for most of the videos. The discrepancy between them yields a measurement of

future predictability, or ‘surprise’ level. A big surprise or a mismatched prediction

can be used to locate the failing moment. In detail, we design the model as follows:

first, we compute both the predicted feature ẑi and the corresponding true feature

zi, and let a function ξ(.) to measure their discrepancy. We train the model with

two settings: (i) freezing the representation and only train the classifier ξ(.); (ii)

finetuning the entire network. The detailed structure for the classification task

can be found in Section 3.5.7.

3.5 Experiments

3.5.1 Datasets

For the self-supervised training, two video action recognition datasets are used, but

labels are dropped during training: UCF101 [Soomro et al. 2012], containing 13k

videos spanning over 101 human actions; and Kinetics400 (K400) [Kay et al. 2017]

with 306k 10-second video clips covering 400 human actions. For the downstream

tasks we also use UCF101, and additionally we use: HMDB51 [Hildegard Kuehne et

al. 2011] containing 7k videos spanning over 51 human actions; and Oops [Epstein

et al. 2020] containing 20k videos of daily human activities with unexpected failed

moments, among them 14k videos have the time stamps of the failed moments

manually labelled.
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3.5.2 Self-Supervised Training

In our experiment, we use a (2+3D)-ResNet, following [Feichtenhofer et al. 2019a;

Han et al. 2019], as the encoder f(.), where the first two residual blocks res2

and res3 have 2D convolutional kernels, and only res4 and res5 have 3D kernels.

Specifically, (2+3D)-ResNet18 and (2+3D)-ResNet34 are used in our experiments,

denoted as R18 and R34 below. For the temporal aggregation, g(·), we use an

one-layer GRU with kernel size 1 × 1, with the weights shared among all spatial

positions on the feature map. The future prediction function, φ(.), is a two-layer

convolutional network. We choose the size of the memory bank M to be 1024 based

on experiments in Table 3.1. Network architecture are given in the appendix.

For the data, raw videos are decoded at a frame rate 24-30 fps, and each data

sample consists of 40 consecutive frames, sampled with a temporal stride of 3

from the raw video. As input to MemDPC, they are divided into 8 video clips – so

that each encoder f(.) inputs 5 frames, covering around 0.5 seconds, and the 40

frames around 4 seconds. For optical flow, in order to eliminate extra supervisory

signals in the self-supervised training stage, we use the un-supervised TV-L1

algorithm [Zach et al. 2007], and follow the same pre-processing procedures as [João

Carreira and Zisserman 2017], i.e. truncating large motions with more than ±20

in both channels, appending a third 0s channel, and transforming the values from

[−20, 20] to [0, 255]. For data augmentation, we apply clip-wise random crop

and horizontal flip, and frame-wise color jittering and random greyscale, for both

the RGB and optical flow streams. We experiment with both 128 × 128 and

224 × 224 input resolution. The original video resolution is 256 × 256 and it is

firstly cropped to 224× 224 then rescaled if needed. Self-supervised training uses

the Adam [Kingma and Ba 2014a] optimizer with initial learning rate 10−3. The

learning rate is decayed once to 10−4 when the validation loss plateaus. We use a

batch size of 16 samples per GPU.

3.5.3 Supervised Classification

For all action classification downstream tasks, the input follows the same frame

sampling procedure as when the model is trained with self-supervised learning,

and then we train the classifier with cross-entropy loss as shown in Figure 3.4.

A dropout of 0.9 is applied on the final layer. For data augmentation, we use
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clip-wise random crop, random horizontal flip, and random color jittering. The

classifier is trained with Adam with a 10−3 initial learning rate, and decayed once

to 10−4 when the validation loss plateaus. During testing, we follow the standard

pipeline, i.e. ten-crop (center and four corner crops, w/o horizontal flip), take the

same sequence length as training from the video, and average the prediction from

the sampling temporal moving window.

3.5.4 Evaluation: Action Classification

We conduct two sets of experiments: (i) ablation studies on the effectiveness of

the different modules in the MemDPC, by self-supervised learning on UCF101, (ii)

to compare with other state-of-the-art approaches, we run MemDPC on K400 with

self-supervised learning. For both settings, the representation quality is evaluated

on UCF101 and HMDB51 with linear probing, non-linear probing, and end-to-end

finetuning.

Ablations on UCF101.

In this section, we conduct extensive experiments to validate the effectiveness of

compressive memory, bidirectional aggregation, and self-supervised learning on

optical flow. Note that, in each experiment, we keep the settings identical, and

only vary one variable at a time.

As shown in Table 3.1, the following phenomena can be observed: First, com-

paring experiment C2 against B1 (68.2 vs. 61.8), networks initialized with self-

supervised MemDPC clearly present better generalization than a randomly initialized

network; Second, comparing with a strong baseline (A), the proposed compressive

memory boost the learnt representation by around 5% (68.2 vs. 63.6), and the

optimal memory size for UCF101 is 1024; Third, MemDPC acts as a general learning

framework that can also help to boost the generalizability of motion represen-

tations, a 7.3% boost can be seen from D1 vs. B2 (81.9 vs. 74.6); Fourth, the

bidirectional aggregation provides a small boost to the accuracy by about 1% (E1

vs. C2, E2 vs. D1, E3 vs. D2). Lastly, after fusing both streams, D2 achieves

84% classification accuracy, confirming our claim that self-supervised learning with

only the video stream (without additional audio or text streams) can also end up

with strong action recognition models.
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# Network Self-Sup. Sup. (top1)
Dataset Input Resolution Memory size UCF101(ft)

A R18 UCF101 RGB 128× 128 - (DPC [Han et al. 2019]) 63.6
B1 R18 -(rand. init.) RGB 128× 128 - 61.8
B2 R18 -(rand. init.) Flow 128× 128 - 74.6
B3 R18×2 -(rand. init.) RGB+F 128× 128 - 78.7
C1 R18 UCF101 RGB 128× 128 512 65.3
C2 R18 UCF101 RGB 128× 128 1024 68.2
C3 R18 UCF101 RGB 128× 128 2048 68.0
D1 R18 UCF101 Flow 128× 128 1024 81.9
D2 R18×2 UCF101 RGB+F 128× 128 1024 84.0
E1 R18-bd UCF101 RGB 128× 128 1024 69.2
E2 R18-bd UCF101 Flow 128× 128 1024 82.3
E3 R18-bd×2 UCF101 RGB+F 128× 128 1024 84.3

Table 3.1: Ablation studies. We train MemDPC on UCF101 and evaluate on UCF101
action classification by finetuning the entire network. We group rows for clarity:
A is the reimplementation of DPC, B are random initialization baselines, C for
different memory size, D incorporates optical flow, E incorporates a bi-directional
RNN

Comparison with others.

In this section, we train MemDPC on K400 and evaluate the action classification

performance on UCF101 and HMDB51. Specifically, we evaluate three settings:

(1) finetuning the entire network (denoted as Freeze=7); (2) freeze the backbone

and only train a linear classifier, i.e. linear probe (denoted as Freeze=3); (3) freeze

the backbone and only train a non-linear classifier, i.e. non-linear probe (denoted

as ‘n.l.’).

As shown in Table 8.5, for the same amount of data (K400) and visual-only

input, MemDPC surpasses all previous state-of-the-art self-supervised methods on

both UCF101 and HMDB51 (although there exist small differences in architecture,

e.g. for 3DRotNet, ST-Puzzle, DPC, SpeedNet). When freezing the representation,

it can be seen that a non-linear probe gives better results than a linear probe, and

in practice a non-linear classifier is still very cheap to train.

Other self-supervised training methods on the same benchmarks are not di-

rectly comparable, even ignoring the architecture differences, due to the duration

of videos used or to the number of modalities used. For example, CBT [C. Sun

et al. 2019] uses a longer version of K600 (referred to as K600+ in the table), the

size is about 9 times that of the standard K400 that we use, and CBT requires

RotNet [Jing and Yingli Tian 2018] initialization while MemDPC can be trained

from scratch. Nevertheless, our performance exceeds that of CBT. Other works

use additional modalities for pre-text tasks like audio [Korbar et al. 2018; Alwassel

et al. 2019; Patrick et al. 2020; Piergiovanni et al. 2020], or narrations [Miech et al.
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Method Date Dataset (duration) Res. Arch. Depth Modality Frozen UCF HMDB
CBT [C. Sun et al. 2019] 2019 K600+ (273d) 112 S3D 23 V 3 54.0 29.5
MIL-NCE [Miech et al. 2020] 2020 HTM (15y) 224 S3D 23 V+T 3 82.7 53.1
MIL-NCE [Miech et al. 2020] 2020 HTM (15y) 224 I3D 22 V+T 3 83.4 54.8
XDC [Alwassel et al. 2019] 2019 IG65M (21y) 224 R(2+1)D 26 V+A 3 85.3 56.0
ELO [Piergiovanni et al. 2020] 2020 Youtube8M- (8y) 224 R(2+1)D 65 V+A 3 – 64.5
MemDPC† K400 (28d) 224 R-2D3D 33 V 3 54.1 30.5
MemDPC† K400 (28d) 224 R-2D3D 33 V 3n.l. 58.5 33.6
OPN [Lee et al. 2017] 2017 UCF (1d) 227 VGG 14 V 7 59.6 23.8
3D-RotNet [Jing and Yingli Tian 2018] 2018 K400 (28d) 112 R3D 17 V 7 62.9 33.7
ST-Puzzle [Kim et al. 2019] 2019 K400 (28d) 224 R3D 17 V 7 63.9 33.7
VCOP [D. Xu et al. 2019] 2019 UCF (1d) 112 R(2+1)D 26 V 7 72.4 30.9
DPC [Han et al. 2019] 2019 K400 (28d) 224 R-2D3D 33 V 7 75.7 35.7
CBT [C. Sun et al. 2019] 2019 K600+ (273d) 112 S3D 23 V 7 79.5 44.6
DynamoNet [Diba et al. 2019] 2019 Youtube8M-1 (1.9y) 112 STCNet 133 V 7 88.1 59.9
SpeedNet [Benaim et al. 2020] 2020 K400 (28d) 224 S3D-G 23 V 7 81.1 48.8
AVTS [Korbar et al. 2018] 2018 K400 (28d) 224 I3D 22 V+A 7 83.7 53.0
AVTS [Korbar et al. 2018] 2018 AudioSet (240d) 224 MC3 17 V+A 7 89.0 61.6
XDC [Alwassel et al. 2019] 2019 K400 (28d) 224 R(2+1)D 26 V+A 7 84.2 47.1
XDC [Alwassel et al. 2019] 2019 IG65M (21y) 224 R(2+1)D 26 V+A 7 94.2 67.4
GDT [Patrick et al. 2020] 2020 K400 (28d) 112 R(2+1)D 26 V+A 7 88.7 57.8
MIL-NCE [Miech et al. 2020] 2020 HTM (15y) 224 S3D-G 23 V+T 7 91.3 61.0
ELO [Piergiovanni et al. 2020] 2020 Youtube8M-2 (13y) 224 R(2+1)D 65 V+A 7 93.8 67.4
MemDPC K400 (28d) 224 R-2D3D 33 V 7 78.1 41.2
MemDPC† K400 (28d) 224 R-2D3D 33 V 7 86.1 54.5
Supervised [Hara et al. 2018] K400 (28d) 224 R3D 33 V 7 87.7 59.1

Table 3.2: Comparison with state-of-the-art approaches. In the left columns, we
show the pre-training setting, e.g. dataset, resolution, architectures with encoder
depth, modality. In the right columns, the top-1 accuracy is reported on the
downstream action classification task for different datasets, e.g. UCF, HMDB,
K400. The dataset parenthesis shows the total video duration in time (d for
day, y for year). ‘Frozen 7’ means the network is end-to-end finetuned from the
pretrained representation, shown in the top half of the table; ‘Frozen 3’ means the
pretrained representation is fixed and classified with a linear layer, ‘n.l.’ denotes
a non-linear classifier. For input, ‘V’ refers to visual only (colored with blue), ‘A’
is audio, ‘T’ is text narration. MemDPC models with † refer to the two-stream
networks, where the predictions from RGB and Flow networks are averaged

2020], and train on larger datasets. Despite these disadvantages, we demonstrate

that MemDPC trained with only visual inputs, can achieve competitive results on

the finetuning protocol.

3.5.5 Evaluation: Data Efficiency

In Figure 3.5, we show the data efficiency of MemDPC on both RGB input and

optical flow with action recognition on the UCF101 dataset. As we reduce the

labelled training samples, action classifier trained on MemDPC representation gen-

eralize significantly better than the classifier trained from scratch. Also, to match

the performance of a random initialized classifier trained on 100% labelled data, a

classifier trained on MemDPC initialization only requires less than 50% labelled data

for both RGB and optical flow input.
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Figure 3.5: Data efficiency of MemDPC representations. Left is RGB input and
right is optical flow input. The MemDPC is trained on UCF101 and it is evaluated
on action classification (finetuning protocol) on UCF101 with a reduced number
of labels

3.5.6 Evaluation: Video Retrieval

In this protocol, we evaluate our representation with nearest-neighbour video re-

trieval, features are extracted from the model, which is only trained with self-

supervised learning, no further finetuning is allowed.

Experiments are shown on two datasets: UCF101 and HMDB51. For both

datasets, within the training set or within the testing set, multiple clips could be

from the same source video, hence they are visually similar and make the retrieval

task trivial. We follow the practice of [D. Xu et al. 2019; D. Luo et al. 2020], and

use each clip in the test set to query the k nearest clips in the training set.

For each clip, we sample multiple 8 video blocks with a sliding window, and

extract the context representation ct for each window. We spatial-pool each ct and

take the average over all the windows. For distance measurement, we use cosine

distance. We report Recall at k (R@k) as the evaluation metric. That is, as long

as one clip of the same class is retrieved in the top k nearest neighbours, a correct

retrieval is counted.

Method Date Dataset UCF HMDB
R@1 R@5 R@10 R@20 R@1 R@5 R@10 R@20

Jigsaw [Noroozi and Favaro 2016] 2016 UCF 19.7 28.5 33.5 40.0 - - - -
OPN [Lee et al. 2017] 2017 UCF 19.9 28.7 34.0 40.6 - - - -
Buchler [Büchler et al. 2018] 2018 UCF 25.7 36.2 42.2 49.2 - - - -
VCOP [D. Xu et al. 2019] 2019 UCF 14.1 30.3 40.4 51.1 7.6 22.9 34.4 48.8
VCP [D. Luo et al. 2020] 2020 UCF 18.6 33.6 42.5 53.5 7.6 24.4 36.3 53.6
SpeedNet [Benaim et al. 2020] 2020 K400 13.0 28.1 37.5 49.5 - - - -
MemDPC-RGB UCF 20.2 40.4 52.4 64.7 7.7 25.7 40.6 57.7
MemDPC-Flow UCF 40.2 63.2 71.9 78.6 15.6 37.6 52.0 65.3

Table 3.3: Comparison with others on Nearest-Neighbour video retrieval on
UCF101 and HMDB51. Testing set clips are used to retrieve training set videos
and R@k is reported, where k ∈ [1, 5, 10, 20]. Note that all the models reported
were only pretrained on UCF101 with self-supervised learning except SpeedNet
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In Table 4.3, we show the retrieval performance on UCF101 and HMDB51.

Note that the MemDPC benchmarked here is only trained on UCF101, the same

as [D. Xu et al. 2019; D. Luo et al. 2020]. For fair comparison, MemDPC in this

experiment uses a R18 backbone, which has the same depth but less parameters

than the 3D-ResNet used in [D. Xu et al. 2019; D. Luo et al. 2020]. With RGB

inputs, our MemDPC gets state-of-the-art performance on all the metrics except R@1

in UCF101, where the method from Buchler et al. [Büchler et al. 2018] specializes

well on R@1. While for Flow inputs, MemDPC significantly outperforms all previous

methods by a large margin. We also qualitatively show video retrieval results in

the Appendix.

3.5.7 Evaluation: Unintentional Actions

We evaluate MemDPC on the Oops dataset on unintentional action classification.

In Oops, there is one failure moment in the middle of each video. When cutting

the video into short clips, the clip overlapping the failure moment is defined as

a ‘transitioning’ action, the clips before are ‘intentional’ actions, and the clips

afterwards are ‘unintentional’ actions. The core task is therefore to classify each

short video clip into one of three categories,

In this experiment, we use a R18 based MemDPC model that takes 128 × 128

resolution video frames as input. After MemDPC is trained on K400 and the Oops

training set videos with self-supervised learning, we further train it for uninten-

tional action classification with a linear probe, and end-to-end finetuning (as shown

in Table 3.4). The training details are given in the appendix. State-of-the-art per-

formance is demonstrated by our MemDPC on this unintentional action classification

task, even outperforming the model pretrained on K700 with full supervision with

finetuning.

Task Method Backbone Freeze Finetune

Classification
K700 Supervision 3D-ResNet18 53.6 64.0
Video Speed [Epstein et al. 2020] 3D-ResNet18 53.4 61.6
MemDPC R18 53.0 64.4

Table 3.4: MemDPC on unintentional action classification tasks. Note that our
backbone 2+3D-ResNet18 has the same depth as 3D-ResNet18 used in [Epstein
et al. 2020] but with fewer parameters. MemDPC model is trained on K400 and the
OOPS training set without using labels, and the network is then finetuned with
supervision from the OOPS training set
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3.6 Conclusion

In this paper, we propose a new architecture and learning framework (MemDPC)

for self-supervised learning from video, in particular for representations for action

recognition. With the novel compressive memory, the model can efficiently handle

the nature of multiple hypotheses in the self-supervised predictive learning pro-

cedure. In order to thoroughly evaluate the quality of the learnt representation,

we conduct experiments on four different downstream tasks, namely action recog-

nition, video retrieval, learning with scarce annotations, and unintentional action

classification. In all cases, we demonstrate state-of-the-art or competitive perfor-

mance over other approaches that use orders of magnitude more training data.

Above all, for the first time, we show that it is possible to learn high-quality video

representations with self-supervised learning, from the visual stream alone (with-

out additional audio or text streams).

Acknowledgements.

Funding for this research is provided by a Google-DeepMind Graduate Scholarship,

and by the EPSRC Programme Grant Seebibyte EP/M013774/1. We would like

to thank João F. Henriques, Samuel Albanie and Triantafyllos Afouras for helpful

discussions.

Appendices

Appendices for this chapter can be found in the online version of the paper. 1

Statement of authorship

A statement of authorship for this paper is provided in Appendix A.

1https://www.robots.ox.ac.uk/~vgg/research/DPC/

56



Chapter 4

Self-supervised Co-training for

Video Representation Learning

The paper has been accepted for publication at the Neural Information Processing

Systems (NeurIPS), 2020.

57



Self-supervised Co-training

for Video Representation Learning

Tengda Han Weidi Xie Andrew Zisserman

Visual Geometry Group, Department of Engineering Science,

University of Oxford

{htd, weidi, az}@robots.ox.ac.uk

http://www.robots.ox.ac.uk/~vgg/research/CoCLR/.

Abstract

The objective of this paper is visual-only self-supervised video represen-

tation learning. We make the following contributions: (i) we investigate

the benefit of adding semantic-class positives to instance-based Info Noise

Contrastive Estimation (InfoNCE) training, showing that this form of super-

vised contrastive learning leads to a clear improvement in performance; (ii)

we propose a novel self-supervised co-training scheme to improve the popu-

lar infoNCE loss, exploiting the complementary information from different

views, RGB streams and optical flow, of the same data source by using one

view to obtain positive class samples for the other; (iii) we thoroughly eval-

uate the quality of the learnt representation on two different downstream

tasks: action recognition and video retrieval. In both cases, the proposed ap-

proach demonstrates state-of-the-art or comparable performance with other

self-supervised approaches, whilst being significantly more efficient to train,

i.e. requiring far less training data to achieve similar performance.
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4.1 Introduction

The recent progress in self-supervised representation learning for images and videos

has demonstrated the benefits of using a discriminative contrastive loss on data

samples [van den Oord et al. 2018; Hénaff et al. 2019; K. He et al. 2020; Misra

and van der Maaten 2020; T. Chen et al. 2020; X. Chen et al. 2020], such as

NCE [Gutmann and Hyvärinen 2010; Jozefowicz et al. 2016]. Given a data sample,

the objective is to discriminate its transformed version against other samples in

the dataset. The transformations can be artificial, such as those used in data

augmentation [T. Chen et al. 2020], or natural, such as those arising in videos

from temporal segments within the same clip. In essence, these pretext tasks

focus on instance discrimination: each data sample is treated as a ‘class’, and the

objective is to discriminate its own augmented version from a large number of other

data samples or their augmented versions. Representations learned by instance

discrimination in this manner have demonstrated extremely high performance on

downstream tasks, often comparable to that achieved by supervised training [K.

He et al. 2020; T. Chen et al. 2020].

In this paper, we target self-supervised video representation learning, and ask

the question: is instance discrimination making the best use of data? We

show that the answer is no, in two respects:

First, we show that hard positives are being neglected in the self-supervised

training, and that if these hard positives are included then the quality of learnt

representation improves significantly. To investigate this, we conduct an oracle ex-

periment where positive samples are incorporated into the instance-based training

process based on the semantic class label. A clear performance gap is observed

between the pure instance-based learning (termed InfoNCE [van den Oord et al.

2018]) and the oracle version (termed UberNCE). Note that the oracle is a form of

supervised contrastive learning, as it encourages linear separability of the feature

representation according to the class labels. In our experiments, training with

UberNCE actually outperforms the supervised model trained with cross-entropy,

a phenomenon that is also observed in a concurrent work [Khosla et al. 2020] for

image classification.

Second, we propose a self-supervised co-training method, called CoCLR, stand-

ing for ‘Co-training Contrastive Learning of visual Representation’, with the goal
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(a) video1: RGB (b) video1: Flow (c) video2: RGB (d) video2: Flow

feature space: RGB

feature space: Flow

Figure 4.1: Two video clips of a golf-swing action and their corresponding optical
flows. In this example, the flow patterns are very similar across different video
instances despite significant variations in RGB space. This observation motivates
the idea of co-training, which aims to gradually enhance the representation power
of both networks, f1(·) and f2(·), by mining hard positives from one another.

of mining positive samples by using other complementary views of the data, i.e.

replacing the role of the oracle. We pick RGB video frames and optical flow as the

two views from hereon. As illustrated in Figure 8.1, positives obtained from flow

can be used to ‘bridge the gap’ between the RGB video clips instances. In turn,

positives obtained from RGB video clips can link optical flow clips of the same

action. The outcome of training with the CoCLR algorithm is a representation

that significantly surpasses the performance obtained by the instance-based train-

ing with InfoNCE, and approaches the performance of the oracle training with

UberNCE.

To be clear, we are not proposing a new loss function or pretext task here,

but instead we target the training regime by improving the sampling process in

the contrastive learning of visual representation, i.e. constructing positive pairs

beyond instances. There are two benefits: first, (hard) positive examples of the

same class (e.g. the golf-swing action shown in Figure 8.1) are used in training;

second, these positive samples are removed from the instance level negatives –

where they would have been treated as false negatives for the action class. Our

primary interest in this paper is to improve the representation of both the RGB

and Flow networks, using the complementary information provided by the other

view. For inference, we may choose to use only the RGB network or the Flow

network, or both, depending on the applications and efficiency requirements.

To summarize, we investigate visual-only self-supervised video representation

learning from RGB frames, or from unsupervised optical flow, or from both, and

make the following contributions: (i) we show that an oracle with access to seman-

tic class labels improves the performance of instance-based contrastive learning;

(ii) we propose a novel self-supervised co-training scheme, CoCLR, to improve the
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training regime of the popular InfoNCE, exploiting the complementary informa-

tion from different views of the same data source; and (iii) we thoroughly evaluate

the quality of the learnt representation on two downstream tasks, video action

recognition and retrieval, on UCF101 and HMDB51. In all cases, we demonstrate

state-of-the-art or comparable performance over other self-supervised approaches,

while being significantly more efficient, i.e. less data is required for self-supervised

pre-training.

Our observations of using a second complementary view to bridge the RGB gap

between positive instances from the same class is applied in this paper to optical

flow. However, the idea is generally applicable for other complementary views: for

videos, audio or text narrations can play a similar role to optical flow; whilst for

still images, the multiple views can be formed by passing images through different

filters. We return to this point in Section 8.7.

4.2 Related work

Visual-only Self-supervised Learning. Self-supervised visual representation

learning has recently witnessed rapid progress in image classification. Early work

in this area defined proxy tasks explicitly, for example, colorization, inpainting,

and jigsaw solving [Doersch et al. 2015; Y. Zhang et al. 2016; Pathak et al. 2016;

Doersch and Zisserman 2017]. More recent approaches jointly optimize clustering

and representation learning [Caron et al. 2018; Caron et al. 2019; Yuki Markus

Asano et al. 2020] or learn visual representation by discriminating instances from

each other through contrastive learning [van den Oord et al. 2018; Hénaff et al.

2019; Hjelm et al. 2019; Yonglong Tian et al. 2020a; Ji et al. 2019; Zhuang et al.

2019; K. He et al. 2020; Misra and van der Maaten 2020; T. Chen et al. 2020].

Videos offer additional opportunities for learning representations, beyond those

of images, by exploiting spatio-temporal information, for example, by ordering

frames or clips [Misra et al. 2016; Lee et al. 2017; Fernando et al. 2017; D. Xu et

al. 2019; Wei et al. 2018], motion [P. Agrawal et al. 2015; Jayaraman and Grauman

2015; Diba et al. 2019], co-occurrence [Isola et al. 2015], jigsaw [Kim et al. 2019],

rotation [Jing and Yingli Tian 2018], speed prediction [Epstein et al. 2020; Benaim

et al. 2020; Jiangliu Wang et al. 2020], future prediction [Vondrick et al. 2016a;

Han et al. 2019; Han et al. 2020a], or by temporal coherence [Vondrick et al. 2018;
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Lai and W. Xie 2019; X. Wang et al. 2019; Lai et al. 2020].

Multi-modal Self-supervised Learning. This research area focuses on

leveraging the interplay of different modalities, for instance, contrastive loss is used

to learn the correspondence between frames and audio [Arandjelović and Zisserman

2017; Arandjelović and Zisserman 2018; Korbar et al. 2018; Alwassel et al. 2019;

Patrick et al. 2020; Piergiovanni et al. 2020], or video and narrations [Miech et al.

2020]; or, alternatively, an iterative clustering and re-labelling approach for video

and audio has been used in [Alwassel et al. 2019].

Co-training Paired Networks. Co-training [Blum and Mitchell 1998] refers

to a semi-supervised learning technique that assumes each example to be described

by multiple views that provide different and complementary information about

the instance. Co-training first learns a separate classifier for each view using any

labelled examples, and the most confident predictions of each classifier on the

unlabelled data are then used to iteratively construct additional labelled training

data. Though note in our case that we have no labelled samples. More generally,

the idea of having two networks interact and co-train also appears in other areas of

machine learning, e.g. Generative Adversarial Networks (GANs) [Goodfellow et al.

2014], and Actor-Critic Reinforcement Learning [Sutton et al. 2000].

Video Action Recognition. This research area has gone through a rapid

development in recent years, from the two-stream networks [Simonyan and Zis-

serman 2014; Feichtenhofer et al. 2016; Diba et al. 2019; H. Zhao et al. 2019]

to the more recent single stream RGB networks [Tran et al. 2018; S. Xie et al.

2018; Feichtenhofer et al. 2019b; Feichtenhofer 2020], and the action classification

performance has steadily improved. In particular, the use of distillation [Stroud

et al. 2018; Diba et al. 2019], where the flow-stream network is used to teach the

RGB-stream network, at a high level, is related to the goal in this work.

4.3 InfoNCE, UberNCE and CoCLR

We first review instance discrimination based self-supervised learning with In-

foNCE, as used by [T. Chen et al. 2020], and introduce an oracle extension where

positive samples are incorporated into the instance-based training process based

on the semantic class label. Then in Section 4.3.2, we introduce the key idea of

mining informative positive pairs using multiview co-training, and describe our
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algorithm for employing it, which enables InfoNCE to extend beyond instance

discrimination.

4.3.1 Learning with InfoNCE and UberNCE

InfoNCE. Given a dataset withN raw video clips, e.g.D = {x1, x2, . . . , xN}, the

objective for self-supervised video representation learning is to obtain a function

f(·) that can be effectively used to encode the video clips for various downsteam

tasks, e.g. action recognition, retrieval, etc.

Assume there is an augmentation function ψ(·; a), where a is sampled from a

set of pre-defined data augmentation transformations A, that is applied to D. For

a particular sample xi, the positive set Pi and the negative set Ni are defined as:

Pi = {ψ(xi; a)|a ∼ A}, andNi = {ψ(xn; a)|∀n 6= i, a ∼ A}. Given zi = f(ψ(xi; ·)),

then the InfoNCE loss is:

LInfoNCE = −E
[
log exp (zi · zp/τ)

exp (zi · zp/τ) +∑
n∈Ni

exp (zi · zn/τ)

]
(4.1)

where zi · zp refers to the dot product between two vectors. In essence, the

objective for optimization can be seen as instance discrimination, i.e. emitting

higher similarity scores between the augmented views of the same instance than

with augmented views from other instances.

UberNCE. Assume we have a dataset with annotations,

D = {(x1, y1), (x2, y2), . . . , (xN , yN)}, where yi is the class label for clip xi, and

an oracle that has access to these annotations. We search for a function f(·), by

optimizing an identical InfoNCE to Eq. 4.1, except that for each sample xi, the

positive set Pi and the negative setNi can now include samples with same semantic

labels, in addition to the augmentations, i.e. Pi = {ψ(xi; a), xp|yp = yi and p 6=

i, ∀p ∈ [1, N ], a ∼ A}, Ni = {ψ(xn; a), xn|yn 6= yi,∀n ∈ [1, N ], a ∼ A}.

As an example, given an input video clip of a ‘running’ action, the positive

set contains its own augmented version and all other ‘running’ video clips in the

dataset, and the negative set consists all video clips from other action classes.

As will be demonstrated in Section 4.4.4, we evaluate the representation on a

linear probe protocol, and observe a significant performance gap between training

on InfoNCE and UberNCE, confirming that instance discrimination is not
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making the best use of data. Clearly, the choice of sampling more informative

positives i.e. treating semantically related clips as positive pairs (and thereby natu-

rally eliminating false negatives), plays a vital role in such representation learning,

as this is the only difference between InfoNCE and UberNCE.

4.3.2 Self-supervised CoCLR

As an extension of the previous notation, given a video clip xi, we now consider

two different views, xi = {x1i, x2i}, where in this paper, x1i and x2i refer to RGB

frames and their unsupervised optical flows respectively. The objective of self-

supervised video representation learning is to learn the functions f1(·) and f2(·),

where z1i = f1(x1i) and z2i = f2(x2i) refer to the representations of the RGB stream

and optical flow, that can be effectively used for performing various downstream

tasks.

The key idea, and how the method differs from InfoNCE and UberNCE, is

in the construction of the positive set (Pi) and negative set (Ni) for the sample

xi. Intuitively, positives that are very hard to ‘discover’ in the RGB stream can

often be ‘easily’ determined in the optical flow stream. For instance, under static

camera settings, flow patterns from a particular action, such as golf swing, can be

very similar across instances despite significant background variations that dom-

inate the RGB representation (as shown in Figure 8.1). Such similarities can be

discovered even with a partially trained optical flow network. This observation

enables two models, one for RGB and the other for flow, to be co-trained, starting

from a bootstrap stage and gradually enhancing the representation power of both

as the training proceeds.

In detail, we co-train the models by mining positive pairs from the other

view of data. The RGB representation f1(·) is updated with a Multi-Instance

InfoNCE [Miech et al. 2020] loss (that covers our case of one or more actual posi-

tives within the positive set P1i defined below):

L1 = −E
[
log

∑
p∈P1i

exp(z1i · zp/τ)∑
p∈P1i

exp(z1i · zp/τ) +∑
n∈N1i

exp(z1i · zn/τ)

]
(4.2)

where the numerator is defined as a sum of ‘similarity’ between sample x1i (in the

RGB view) and a positive set, constructed by the video clips that are most similar
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to x2i (most similar video clips in the optical flow view):

P1i = {ψ(x1i; a), x1k|k ∈ topK(z2i · z2j),∀j ∈ [1, N ], a ∼ A} (4.3)

z2i · z2j refers to the similarity between i-th and j-th video in the optical flow

view, and the topK(·) operator selects the topK items over all available N sam-

ples and returns their indexes. The K is a hyper parameter representing the

strictness of positive mining. The negative set N1i for sample xi is the comple-

ment of the positive set, N1i = P1i. In other words, the positive set consists of

the top K nearest neighbours in the optical flow feature space plus the video clip’s

own augmentations, and the negative set contains all other video clips, and their

augmentations.

Similarly, to update the optical flow representation, f2(·), we can optimize:

L2 = −E
[
log

∑
p∈P2i

exp(z2i · zp/τ)∑
p∈P2i

exp(z2i · zp/τ) +∑
n∈N2i

exp(z2i · zn/τ)

]
(4.4)

It is an identical objective function to (4.2) except that the positive set is now

constructed from similarity ranking in the RGB view:

P2i = {ψ(2i; a), x2k|k ∈ topK(z1i · z1j),∀j ∈ [1, N ], a ∼ A} (4.5)

The CoCLR algorithm proceeds in two stages: initialization and alternation.

Initialization. To start with, the two models with different views are trained

independently with InfoNCE, i.e. the RGB and Flow networks are trained by

optimizing LInfoNCE.

Alternation. Once trained with LInfoNCE, both the RGB and Flow networks have

gained far stronger representations than randomly initialized networks. The co-

training process then proceeds as described in Eq. 4.2 and Eq. 4.4, e.g. to optimize

L1, we mine hard positive pairs with a Flow network; to optimize L2, the hard

positive pairs are mined with a RGB network. These two optimizations are al-

ternated: each time first mining hard positives from the other network, and then

minimizing the loss for the network independently. As the joint optimization pro-

ceeds, and the representations become stronger, different (and harder) positives

are retrieved.

The key hyper-parameters that define the alternation process are: the value

65



of K used to retrieve the K semantically related video clip, and the number of

iterations (or epochs) to minimize each loss function, i.e. the granularity of the

alternation. These choices are explored in the ablations of Section 4.4.4, where it

will be seen that a choice of K = 5 is optimal and more cycle alternations are ben-

eficial; where each cycle refers to a complete optimization of L1 and L2; meaning,

the alternation only happens after the RGB or Flow network has converged.

Discussion. First, when compared with our previous work that used In-

foNCE for video self-supervision, DPC and MemDPC [Han et al. 2019; Han et al.

2020a], the proposed CoCLR incorporates learning from potentially harder posi-

tives, e.g. instances from the same class, rather than from only different augmen-

tations of the same instance; Second, CoCLR differs from the oracle proposals of

UberNCE since both the CoCLR positive and negative sets may still contain ‘label’

noise, i.e. class-wise false positives and false negatives. However, in practice, the

Multi-Instance InfoNCE used in CoCLR is fairly robust to noise. Third, CoCLR

is fundamentally different to two concurrent approaches, CMC [Yonglong Tian

et al. 2020a] and CVRL [Qian et al. 2020], that use only instance-level training,

i.e. positive pairs are constructed from the same data sample. Specifically, CMC

extends positives to include different views, RGB and flow, of the same video clip,

but does not introduce positives between clips; CVRL uses InfoNCE contrastive

learning with video clips as the instances. We present experimental results for

both InfoNCE and CMC in Table 4.1.

4.4 Experiments

In this section, we first describe the datasets (Section 4.4.1) and implementa-

tion details (Section 4.4.2) for CoCLR training. In Section 4.4.3, we describe the

downstream tasks for evaluating the representation obtained from self-supervised

learning. All proof-of-concept and ablation studies are conducted on UCF101 (Sec-

tion 4.4.4), with larger scale training on Kinetics-400 (Section 4.4.5) to compare

with other state-of-the-art approaches.
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4.4.1 Datasets

We use two video action recognition datasets for self-supervised CoCLR training:

UCF101 [Soomro et al. 2012], containing 13k videos spanning 101 human ac-

tions (we only use the videos from the training set); and Kinetics-400 (K400) [Kay

et al. 2017] with 240k video clips only from its training set. For downstream eval-

uation tasks, we benchmark on the UCF101 split1, K400 validation set, as well

as on the split1 of HMDB51 [Hildegard Kuehne et al. 2011], which contains 7k

videos spanning 51 human actions.

4.4.2 Implementation Details for CoCLR

We choose the S3D [S. Xie et al. 2018] architecture as the feature extractor for

all experiments. During CoCLR training, we attach a non-linear projection head,

and remove it for downstream task evaluations, as done in SimCLR [T. Chen et al.

2020]. We use a 32-frame RGB (or flow) clip as input, at 30 fps, this roughly covers

1 second. The video clip has a spatial resolution of 128 × 128 pixels. For data

augmentation, we apply random crops, horizontal flips, Gaussian blur and color

jittering, all are clip-wise consistent. We also apply random temporal cropping

to utilize the natural variation of the temporal dimension, i.e. the input video

clips are cropped at random time stamps from the source video. The optical flow

is computed with the un-supervised TV-L1 algorithm [Zach et al. 2007], and the

same pre-processing procedure is used as in [João Carreira and Zisserman 2017].

Specifically, two-channel motion fields are stacked with a third zero-valued channel,

large motions exceeding 20 pixels are truncated, and the values are finally projected

from [−20, 20] to [0, 255] then compressed as jpeg.

At the initialization stage, we train both RGB and Flow networks with In-

foNCE for 300 epochs, where an epoch means to have sampled one clip from each

video in the training set, i.e. the total number of seen instances is equivalent to

the number of videos in the training set. We adopt a momentum-updated history

queue to cache a large number of features as in MoCo [K. He et al. 2020; X. Chen

et al. 2020]. At the alternation stage, on UCF101 the model is trained for two

cycles, where each cycle includes 200 epochs, i.e. RGB and Flow networks are each

trained for 100 epochs with hard positive mining from the other; on K400 the

model is only trained for one cycle for 100 epochs, that is 50 epochs each for RGB
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and Flow networks, however, we expect more training cycles to be beneficial. For

optimization, we use Adam with 10−3 learning rate and 10−5 weight decay. The

learning rate is decayed down by 1/10 twice when the validation loss plateaus.

Each experiment is trained on 4 GPUs, with a batch size of 32 samples per GPU.

4.4.3 Downstream tasks for representation evaluation

Action classification. In this protocol, we evaluate on two settings: (1) linear

probe: the entire feature encoder is frozen, and only a single linear layer is trained

with cross-entropy loss, (2) finetune: the entire feature encoder and a linear

layer are finetuned end-to-end with cross-entropy loss, i.e. the representation from

CoCLR training provides an initialization for the network.

At the training stage, we apply the same data augmentation as in the pre-

training stage mentioned in Section 4.4.2, except for the Gaussian blur. At the

inference stage, we follow the same procedure as our previous work [Han et al.

2019; Han et al. 2020a]: for each video we spatially apply ten-crops (center crop

plus four corners, with horizontal flipping) and temporally take clips with moving

windows (half temporal overlap), and then average the predicted probabilities.

Action retrieval. In this protocol, the extracted feature is directly used for

nearest-neighbour (NN) retrieval and no further training is allowed. We follow the

common practice [D. Xu et al. 2019; D. Luo et al. 2020], and use testing set video

clips to query the k-NNs from the training set. We report Recall at k (R@k),

meaning, if the top k nearest neighbours contains one video of the same class, a

correct retrieval is counted.

4.4.4 Model comparisons on UCF101

This section demonstrates the evolution from InfoNCE to UberNCE and to Co-

CLR, and we monitor the top1 accuracy of action classification and retrieval

performance. In this section, the same dataset, UCF101 split # 1 is used for

self-supervised training and downstream evaluations, and we mainly focus on the

linear probe & retrieval as the primary measures of representation quality, since

their evaluation is fast. For all self-supervised pretraining, we keep the settings

identical, e.g. training epochs, and only vary the process for mining positive pairs.
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Pretrain Stage Classification Top1 Retrieval
Method Input Labels Linear probe Finetune R@1
InfoNCE RGB 7 46.8 78.4 33.1
InfoNCE Flow 7 66.8 83.1 45.2
UberNCE RGB 3 78.0 80.0 71.6
Cross-Ent. RGB 3 - 77.0? 73.5
CMC§ RGB 3 55.0 - -
CoCLRK=5 RGB 7 70.2 81.4 51.8
CoCLRK=5 Flow 7 68.7 83.5 48.4
CoCLRK=5† R+F 7 72.1 87.3 55.6
CoCLRK=1 RGB 7 60.5 79.5 48.5
CoCLRK=50 RGB 7 68.3 81.0 49.8
CoCLRK=5, sim RGB 7 65.2 80.8 48.0

Table 4.1: Representations from InfoNCE, UberNCE and CoCLR are evaluated
on downstream action classification and retrieval. Left refers to the setting for
pre-training. CMC§ [Yonglong Tian et al. 2020a] is our implementation for a fair
comparison to CoCLR, i.e. S3D architecture, trained with 500 epochs. † refers to
the results from two-stream networks (RGB + Flow). ?Cross-Ent. is end-to-end
training with Softmax Cross-Entropy.

cycle1 cycle2

Figure 4.2: Training progress of CoCLR on UCF101 dataset for RGB and optical
flow input, i.e. R@1 of training set video retrieval for both RGB and Flow, the
dotted line means that the representation is fixed at certain training stage.

Linear probe & retrieval. The discussion here will focus on the RGB net-

work, as this network is easy to use (no flow computation required) and offers fast

inference speed, but training was done with both RGB and Flow for CoCLR and

CMC. As shown in Table 4.1, three phenomena can be observed: First, UberNCE,

the supervised contrastive method outperforms the InfoNCE baseline with a sig-

nificant gap on the linear probe (78.0 vs 46.8) and retrieval (71.6 vs 33.1), which

reveals the suboptimality of the instance-based self-supervised learning. Second,

the co-training scheme (CoCLR) shows its effectiveness by substantially improving
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over the InfoNCE and CMC baselines from 46.8 and 55.0 to 70.2, approaching the

results of UberNCE (78.0). Third, combining the logits from both the RGB and

Flow networks (denoted as CoCLR†) brings further benefits. We conjecture that

a more modern RGB network, such as SlowFast [Feichtenhofer et al. 2019b], that

is able to naturally capture more of the motion information, would close the gap

even further.

End-to-end finetune. In this protocol, all models (RGB networks) are

performing similarly well, and the gaps between different training schemes are

marginal (77.0 – 81.4). This is expected, as the same dataset, data view and

architecture have been used for self-supervised learning, finetuning or training from

scratch. In this paper, we are more interested in the scenario, where pretraining

is conducted on a large-scale dataset, e.g. Kinetics, and feature transferability is

therefore evaluated on linear probing and finetuning on another small dataset, as

demonstrated in Section 4.4.5.

For a better understanding of the effectiveness of co-training on mining hard

positive samples, in Figure 4.2, we monitor the alternation process by measuring

R@1. Note that, the label information is only used to plot this curve, but not used

during self-supervised training. The x-axis shows the training stage, initialized

from the InfoNCE representation, followed by alternatively training L1 and L2

for two cycles, as explained in Section 4.3.2. The dotted line indicates that a

certain network is fixed, and the solid line indicates that the representation is being

optimized. As training progresses, the representation quality of both the RGB and

Flow models improve with more co-training cycles, shown by the increasing R@1

performance, which indicates that the video clips with same class have indeed been

pulled together in the embedding space.

Ablations. We also experimented with other choices for the CoCLR hyper-

parameters, and report the results at the bottom Table 4.1. In terms of number

of the samples mined in Eq. 4.3 and Eq. 4.5, K = 5 is the optimal setting, i.e. the

the Top5 most similar samples are used to train the target representation. Other

values, K = 1 and K = 50 are slightly worse. In terms of alternation granularity,

we compare with the extreme case that the two representations are optimized

simultaneously (CoCLRK=5; sim), again, this performs slightly worse than training

one network with the other fixed to ‘act as’ an oracle. We conjecture that the

inferior performance of simultaneous optimization is because the weights of the
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network are updated too fast, similar phenomena have also been observed in other

works [Sutton et al. 2000; K. He et al. 2020], we leave further investigation of this

to future work.

4.4.5 Comparison with the state-of-the-art

In this section, we compare CoCLR with previous self-supervised approaches on

action classification. Specifically, we provide results of CoCLR under two settings,

namely, trained on UCF101 with K = 5 for 2 cycles; and on K400 with K = 5 for

1 cycle only. Note that there has been a rich literature on video self-supervised

learning, and in Table 4.2 we only list some of the recent approaches evaluated on

the same benchmark, and try to compare with them as fairly as we can, in terms

of architecture, training data, resolution (although there remain variations).

In the following we compare with the methods that are trained with: (i) visual

information only on the same training set; (ii) visual information only on larger

training sets; (iii) multimodal information.

Visual-only information with same training set (finetune). When

comparing the models that are only trained (both self-supervised and downstream

finetune) on UCF101, e.g. OPN and VCOP, the proposed CoCLR (RGB net-

work) obtains Top1 accuracy of 81.4 on UCF101 and 52.1 on HMDB, significantly

outperforming all previous approaches. Moving onto K400, recent approaches in-

clude 3D-RotNet, ST-Puzzle, DPC, MemDPC, XDC, GDT, and SpeedNet. Again,

CoCLR (RGB network) surpasses the other self-supervised methods, achieving

87.9 on UCF101 and 54.6 on HMDB, and the two-stream CoCLR† brings further

benefits (90.6 on UCF101 and 62.9 on HMDB). We note that CoCLR is slightly

underperforming CVRL [Qian et al. 2020], which we conjecture is due to the fact

that CVRL has been trained with a deeper architecture (23 vs. 49 layers) with

more parameters (7.9M vs. 33.1M), larger resolution (128 vs. 224), stronger color

jittering, and far more epochs (400 vs. 800 epochs). This also indicates that po-

tentially there remains room for further improving CoCLR, starting from a better

initialization trained with InfoNCE.

Visual-only information with larger training set (finetune). Al-

though only visual information is used, some approaches exploit a larger training

set, e.g. CBT and DynamoNet. CoCLR† still outperforms all these approaches,

showing its remarkable training efficiency, in the sense that it can learn better
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representation with far less data.

Multi-modal information (finetune). These are the methods that exploit

the correspondence of visual information with text or audio. The methods usually

train on much larger-scale datasets, for instance, AVTS trained on AudioSet (8x

larger than K400), and XDC trained on IG65M (273x larger than K400), for audio-

visual correspondence; MIL-NCE is trained on narrated instructional videos (195x

larger than K400) for visual-text correspondence; and ELO [Piergiovanni et al.

2020] is trained with 7 different losses on 2 million videos (104x larger than K400).

Despite these considerably larger datasets, and information from other modalities,

our best visual-only CoCLR† (two-stream network) still compares favorably with

them. Note that, our CoCLR approach is also not limited to visual-only self-

supervised learning, and is perfectly applicable for mining hard positives from

audio or text.
Linear probe. As shown in the upper part of Table 4.2, CoCLR outperforms

MemDPC and CBT significantly, with the same or only a tiny proportion of data

for self-supervised training, and compares favorably with MIL-NCE, XDC and

ELO that are trained on orders of magnitude more training data.

Video retrieval. In addition to the action classification benchmarks, we also

evaluate CoCLR on video retrieval, as explained in Section 4.4.3. The goal is to

test if the query clip instance and its nearest neighbours belong to same semantic

category. As shown in Table 4.3, in both benchmark datasets, the InfoNCE base-

line models exceed all previous approaches by a significant margin. Our CoCLR

models further exceed InfoNCE models by a large margin.

Qualitative results for video retrieval. Figure 4.3 visualizes a query

video clip and its Top3 Nearest Neighbors from the UCF101 training set using the

CoCLR embedding. As can be seen, the representation learnt by CoCLR has the

ability to retrieve videos with the same semantic categories.
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Method Date Dataset (duration) Res. Arch. Depth Modality Frozen UCF HMDB
CBT [C. Sun et al. 2019] 2019 K600+ (273d) 112 S3D 23 V 3 54.0 29.5
MemDPC [Han et al. 2020a] 2020 K400 (28d) 224 R-2D3D 33 V 3 54.1 30.5
MIL-NCE [Miech et al. 2020] 2020 HTM (15y) 224 S3D 23 V+T 3 82.7 53.1
MIL-NCE [Miech et al. 2020] 2020 HTM (15y) 224 I3D 22 V+T 3 83.4 54.8
XDC [Alwassel et al. 2019] 2019 IG65M (21y) 224 R(2+1)D 26 V+A 3 85.3 56.0
ELO [Piergiovanni et al. 2020] 2020 Youtube8M- (8y) 224 R(2+1)D 65 V+A 3 – 64.5
CoCLR-RGB UCF (1d) 128 S3D 23 V 3 70.2 39.1
CoCLR-2Stream† UCF (1d) 128 S3D 23 V 3 72.1 40.2
CoCLR-RGB K400 (28d) 128 S3D 23 V 3 74.5 46.1
CoCLR-2Stream† K400 (28d) 128 S3D 23 V 3 77.8 52.4
OPN [Lee et al. 2017] 2017 UCF (1d) 227 VGG 14 V 7 59.6 23.8
3D-RotNet [Jing and Yingli Tian 2018] 2018 K400 (28d) 112 R3D 17 V 7 62.9 33.7
ST-Puzzle [Kim et al. 2019] 2019 K400 (28d) 224 R3D 17 V 7 63.9 33.7
VCOP [D. Xu et al. 2019] 2019 UCF (1d) 112 R(2+1)D 26 V 7 72.4 30.9
DPC [Han et al. 2019] 2019 K400 (28d) 128 R-2D3D 33 V 7 75.7 35.7
CBT [C. Sun et al. 2019] 2019 K600+ (273d) 112 S3D 23 V 7 79.5 44.6
DynamoNet [Diba et al. 2019] 2019 Youtube8M-1 (58d) 112 STCNet 133 V 7 88.1 59.9
SpeedNet [Benaim et al. 2020] 2020 K400 (28d) 224 S3D-G 23 V 7 81.1 48.8
MemDPC [Han et al. 2020a] 2020 K400 (28d) 224 R-2D3D 33 V 7 86.1 54.5
CVRL [Qian et al. 2020] 2020 K400 (28d) 224 R3D 49 V 7 92.1 65.4
AVTS [Korbar et al. 2018] 2018 K400 (28d) 224 I3D 22 V+A 7 83.7 53.0
AVTS [Korbar et al. 2018] 2018 AudioSet (240d) 224 MC3 17 V+A 7 89.0 61.6
XDC [Alwassel et al. 2019] 2019 K400 (28d) 224 R(2+1)D 26 V+A 7 84.2 47.1
XDC [Alwassel et al. 2019] 2019 IG65M (21y) 224 R(2+1)D 26 V+A 7 94.2 67.4
GDT [Patrick et al. 2020] 2020 K400 (28d) 112 R(2+1)D 26 V+A 7 89.3 60.0
GDT [Patrick et al. 2020] 2020 G65M (21y) 112 R(2+1)D 26 V+A 7 95.2 72.8
MIL-NCE [Miech et al. 2020] 2020 HTM (15y) 224 S3D 23 V+T 7 91.3 61.0
ELO [Piergiovanni et al. 2020] 2020 Youtube8M-2 (13y) 224 R(2+1)D 65 V+A 7 93.8 67.4
CoCLR-RGB UCF (1d) 128 S3D 23 V 7 81.4 52.1
CoCLR-2Stream† UCF (1d) 128 S3D 23 V 7 87.3 58.7
CoCLR-RGB K400 (28d) 128 S3D 23 V 7 87.9 54.6
CoCLR-2Stream† K400 (28d) 128 S3D 23 V 7 90.6 62.9
Supervised [S. Xie et al. 2018] K400 (28d) 224 S3D 23 V 7 96.8 75.9

Table 4.2: Comparison with state-of-the-art approaches. In the left columns, we
show the pre-training setting, e.g. dataset, resolution, architectures with encoder
depth, modality. In the right columns, the top-1 accuracy is reported on the
downstream action classification task for different datasets, e.g. UCF, HMDB,
K400. The dataset parenthesis shows the total video duration in time (d for
day, y for year). ‘Frozen 7’ means the network is end-to-end finetuned from the
pretrained representation, shown in the top half of the table; ‘Frozen 3’ means the
pretrained representation is fixed and classified with a linear layer, shown in the
bottom half. For input, ‘V’ refers to visual only (colored with blue), ‘A’ is audio,
‘T’ is text narration. CoCLR models with † refer to the two-stream networks,
where the predictions from RGB and Flow networks are averaged.
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Method Date Dataset UCF HMDB
R@1 R@5 R@10 R@20 R@1 R@5 R@10 R@20

Jigsaw 2016 UCF 19.7 28.5 33.5 40.0 - - - -
OPN 2017 UCF 19.9 28.7 34.0 40.6 - - - -
Buchler 2018 UCF 25.7 36.2 42.2 49.2 - - - -
VCOP 2019 UCF 14.1 30.3 40.4 51.1 7.6 22.9 34.4 48.8
VCP 2020 UCF 18.6 33.6 42.5 53.5 7.6 24.4 36.3 53.6
MemDPC 2020 UCF 20.2 40.4 52.4 64.7 7.7 25.7 40.6 57.7
SpeedNet 2020 K400 13.0 28.1 37.5 49.5 - - - -
InfoNCE-RGB UCF 36.0 52.0 61.8 71.0 15.2 34.7 48.9 63.2
InfoNCE-Flow UCF 45.5 67.5 75.4 82.7 21.4 46.3 59.6 72.1
CoCLR-RGB UCF 53.3 69.4 76.6 82.0 23.2 43.2 53.5 65.5
CoCLR-Flow UCF 51.9 68.5 75.0 80.8 23.9 47.3 58.3 69.3
CoCLR-2Stream† UCF 55.9 70.8 76.9 82.5 26.1 45.8 57.9 69.7

Table 4.3: Comparison with others on Nearest-Neighbour video retrieval on
UCF101 and HMDB51. Full reference list: Jigsaw [Noroozi and Favaro 2016],
OPN [Lee et al. 2017], Buchler [Büchler et al. 2018], VCOP [D. Xu et al. 2019],
VCP [D. Luo et al. 2020], MemDPC [Han et al. 2020a], SpeedNet [Benaim et al.
2020]. Testing set clips are used to retrieve training set videos and R@k is reported,
where k ∈ [1, 5, 10, 20]. Note that all the models reported were only pretrained on
UCF101 with self-supervised learning except SpeedNet. † For two-stream network,
the feature similarity scores from RGB and Flow networks are averaged.

Query Top3 nearest neighbours

Figure 4.3: Nearest neighbour retrieval results with CoCLR representations. The
left side is the query video from the UCF101 testing set, and the right side are the
top 3 nearest neighbours from the UCF101 training set. CoCLR is trained only
on UCF101. The action label for each video is shown in the upper right corner.

74



4.5 Conclusion

We have shown that a complementary view of video can be used to bridge the

gap between RGB video clip instances of the same class, and that using this to

generate positive training sets substantially improves the performance over In-

foNCE instance training for video representations. Though we have not shown it

in this paper, we conjecture that explicit mining from audio can provide a sim-

ilar role to optical flow. For example, the sound of a guitar can link together

video clips with very different visual appearances, even if the audio network is

relatively untrained. This observation in part explains the success of audio-visual

self-supervised learning, e.g. [Arandjelović and Zisserman 2017; Arandjelović and

Zisserman 2018; Korbar et al. 2018; Alwassel et al. 2019; Patrick et al. 2020] where

such links occur implicitly. Similarly and more obviously, text provides the bridge

between instances in visual-text learning, e.g. from videos with narrations that

describe their visual content [Miech et al. 2020]. We expect that the success of ex-

plicit positive mining in CoCLR will lead to applications to other data, e.g. images,

other modalities and tasks where other views can be extracted to provide com-

plementary information, and also to other learning methods, such as BYOL [Grill

et al. 2020].

4.6 Broader Impact

Deep learning systems are data-hungry and are often criticized for their huge

financial and environmental cost. Training a deep neural network end-to-end is

especially expensive due to the large computational requirements. Our research on

video representation learning has shown its effectiveness on various downstream

tasks. As a positive effect of this, future research can benefit from our work by

building systems with the pretrained representation to save the cost of re-training.

However, on the negative side, research on self-supervised representation learning

has consumed many computational resources and we hope more efforts are put on

reducing the training cost in this research area. To facilitate future research, we

release our code and pretrained representations.
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Abstract

Visual-language pre-training has shown great success for learning joint

visual-textual representations from large-scale web data, demonstrating re-

markable ability for “zero-shot” generalisation. This paper presents a simple

method to efficiently adapt one pre-trained visual-language model to novel

tasks with minimal training, and here, we consider video understanding

tasks. Specifically, we propose to optimise a few random vectors, termed

as “continuous prompt vectors”, that convert the novel tasks into the same

format as the pre-training objectives. In addition, to bridge the gap between

static images and videos, temporal information is encoded with lightweight

Transformers stacking on top of frame-wise visual features. Experimentally,

we conduct extensive ablation studies to analyse the critical components and

necessities. On 9 public benchmarks of action recognition, action localisa-

tion, and text-video retrieval, across closed-set, few-shot, open-set scenarios,

we achieve competitive or state-of-the-art performance to existing methods,

despite training significantly fewer parameters.
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5.1 Introduction

While research in computer vision has mainly focused on tackling particular tasks,

the grand goal towards human-level perception has always been to learn general-

purpose visual representation, that can solve various problems with minimal tun-

ings. Towards such goal, recent work for training visual-language models has shown

promising progress. For example, CLIP [Radford et al. 2021] and ALIGN [C. Jia

et al. 2021] learn a joint representation for image and text with simple noise con-

trastive learning, greatly benefiting from the rich information in text descriptions,

e.g. actions, objects, human-object interactions, and object-object relationships.

As a result, these visual-language models have demonstrated remarkable “zero-

shot” generalisation for various image classification tasks. Crucially, the data used

to train these powerful visual-language models can simply be crawled from the

Internet at scale, without any laborious manual annotation. It is therefore reason-

able to believe, with the growing computation, larger datasets will be collected,

and more powerful models will be trained in the near future.

Given the promise, one question naturally arises: how can we best exploit the

ability in these powerful visual-language models, and effectively adapt it to solve

particular novel vision tasks that are of interest? One possible solution would be

to finetune the image encoder end-to-end on the considered downstream tasks,

however, as each downstream task will need to finetune and save its own set of

parameters, we end up developing hundreds of models for hundreds of individual

tasks. Even more problematic, discarding the text encoder loses the model’s abil-

ity for “zero-shot” generalisation, thus the resultant model can only work for a

fixed set of pre-determined categories. Alternatively, as shown in CLIP [Radford

et al. 2021], given properly designed “prompts”, the model is able to work on a va-

riety of downstream tasks, with the classifiers being dynamically generated by the

text encoder, from category names or other free-form texts. The prompts here are

handcrafted cloze templates to facilitate classifier generation, so that downstream

visual tasks can be formulated in the same format as the pre-training objectives,

effectively closing the gap between pre-training and downstream tasks. One re-

maining issue is, such handcrafted prompts require extensive expert knowledge

and labor, limiting its use for efficient task adaptation.

In this paper, we continue in the vein of prompt-based learning, with the goal
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of exploring an efficient way to adapt a visual-language model for novel tasks.

We here consider a simple idea by prepending / appending a sequence of random

vectors, which are termed as “continuous prompt vectors”, to the textual input.

These prompt vectors consist entirely of free parameters that do not correspond

to any real concrete words, and the subsequent layers of the text encoder will

attend these vectors, as if they were a sequence of “virtual tokens” to generate the

classifier or embedding. Although the weights of text encoder are kept frozen, the

gradients are back-propagated through it to optimise the trainable prompt vectors.

Consequently, a single copy of the visual backbone is able to perform various video

understanding tasks, with the minimal number of trainable parameters for each

task, i.e., only a few prompt vectors.

To summarise, building on a scalable, powerful image-based visual-language

model, we first propose a simple idea for the efficient and lightweight model adap-

tation, through learning task-specific prompt vectors. And here, we consider video

understanding as the downstream tasks, e.g. action recognition, action localisa-

tion, text-video retrieval; In particular, we formulate the problem of action recog-

nition and retrieval under the same umbrella, that is, to maximise the similarity

matching between visual and textual embeddings, with texts being action labels or

fine-grained descriptions respectively; We extensively analyse several critical com-

ponents of our method, e.g. the number of prompt vectors, usefulness of temporal

modeling; Lastly, we evaluate the adaptation idea on 9 public video benchmarks,

across closed-set, few-shot, and open-set scenarios. Despite training only a few

free parameters, i.e. several prompt vectors and two Transformer layers, we are

able to achieve competitive or state-of-the-art performance to existing methods.

In few-shot and open-set scenarios, we significantly outperform existing methods,

sometimes by over 10%.

5.2 Related Work

Joint Visual-Textual Learning. In the literature, [Y. Mori et al. 1999] has

explored the connection between images and words using paired text documents,

and [Weston et al. 2011; Frome et al. 2013] proposed to jointly learn image-text

embeddings with the class name annotations. Recently, CLIP [Radford et al. 2021]
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and ALIGN [C. Jia et al. 2021] have further scaled up the training with large-scale

web data. Using simple noise contrastive learning, it is shown that powerful visual

representation can be learnt from paired image-caption. In video domains, similar

idea has also been explored for representation learning [Miech et al. 2020] and

video retrieval [Miech et al. 2018; J. Lei et al. 2021].

Prompting refers to designing proper “instructions” that a pre-trained language

model can understand, and generate desired outputs, using a few examples as

demonstrations. For instance, given properly handcrafted prompt templates, GPT-

3 [T. Brown et al. 2020] has shown strong generalisations for few-shot or zero-shot

learning. However, the handcrafted templates require extensive expert knowledge,

limiting the flexibility. Later work proposes to automate the prompt engineering

by searching discrete prompts [Z. Jiang et al. 2020; Shin et al. 2020; Schick and

Schütze 2021; T. Gao et al. 2021], and continuous prompts [X. L. Li and P. Liang

2021; Lester et al. 2021]. In this work, we consider to search continuous prompts for

steering pre-trained visual-language models to tackle video understanding tasks.

Video Action Recognition. In the last decade, research on developing effective

architectures has gone through rapid developments, from two-stream networks [Si-

monyan and Zisserman 2014; Limin Wang et al. 2016; Feichtenhofer et al. 2016]

to more recent single stream RGB networks [Joao Carreira and Zisserman 2017;

Tran et al. 2018; S. Xie et al. 2018; Feichtenhofer et al. 2019b; Feichtenhofer 2020;

Bertasius et al. 2021]. With the help of abundant training data, e.g. Kinetics [João

Carreira et al. 2019], recognition accuracy has been steadily improved. In addition,

researchers have also explored the ideas of data-efficient learning, for instance, few-

shot and open-set action recognition. Specifically, in the former line of research,

only a few training samples are available from each action category, [L. Zhu and

Y. Yang 2018; L. Zhu and Y. Yang 2020b] proposed compound memory networks

to classify videos by matching and ranking; [Dwivedi et al. 2019] used GANs to

synthesize training examples for novel categories; [Cao et al. 2020] proposed differ-

entiable dynamic time warping to align videos of different lengths; [Perrett et al.

2021] exploited CrossTransformer, to find temporally-corresponding frame tuples

between the query and given few-shot videos. While in open-set action recogni-

tion, it requires the model to generalise towards action categories that are unseen

in the training set, one typical idea lies in learning a common representation space
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that is shared by seen and unseen actions, such as attributes space [J. Liu et al.

2011; Gan et al. 2016a], semantic space [Yikang Li et al. 2016; Gan et al. 2016b],

synthesizing features to unseen actions [Mishra et al. 2020], using objects to create

common space for unseen actions [Mettes et al. 2021].

Video Action Localisation considers to detect and classify actions of interest

from untrimmed long videos. Generally speaking, there are two popular paradigms:

the two-stage paradigm [Shou et al. 2016; Huijuan Xu et al. 2017; Y. Zhao et al.

2017; Chao et al. 2018; T. Lin et al. 2018; T. Lin et al. 2019; J. Tan et al. 2021;

Ju et al. 2021] first detects class-agnostic action proposals, which cover correct

segments with high recall, then classifies and refines each of these proposals. In

contrast, the one-stage paradigm [Yeung et al. 2016; T. Lin et al. 2017; Nawhal and

G. Mori 2021] combines action detection and classification, and densely classifies

each timestamp into action or background.

Concurrent Work. Several recent arXiv papers [K. Zhou et al. 2021; P. Gao et

al. 2021; Renrui Zhang et al. 2021] also consider the prompt learning for efficient

transfer from pre-trained visual-language models to downstream tasks, e.g. image

classification. In video domains, CLIP4Clip [H. Luo et al. 2021] and Action-

CLIP [M. Wang et al. 2021] propose to end-to-end finetune pre-trained CLIP on

individual video tasks, e.g. retrieval and action recognition. In contrast, we favor

the efficient adaptation from image to video, and aim to learn task-specific contin-

uous prompts, to generate classifiers for various video understanding tasks under

one same framework.
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Figure 5.1: Framework Overview. We adopt a lightweight Transformer module on
top of the CLIP image encoder for temporal modeling; prepend / append learnable con-
tinuous prompt vectors to the CLIP text encoder for generating action classifiers or text
query embeddings. During training, both image and text encoders of CLIP are kept
frozen. By optimising the task-specific prompt vectors and temporal Transformer mod-
ule, we efficiently adapt CLIP to various video understanding tasks: action recognition,
action localisation, and text-video retrieval, across closed-set, few-shot, and open-set
scenarios.

5.3 Method

Our goal is to efficiently steer an image-based visual-language model to tackle novel

downstream tasks, which we term as model adaptation. Here, we consider the

downstream task to be video understanding, i.e. action recognition, localisation,

and video retrieval. To be self-contained, in Section 5.3.1, we briefly review the

pre-training and inference procedure of the original CLIP [Radford et al. 2021];

in Section 5.3.2, we describe the proposed idea for learning task-specific prompt

vectors, and temporal modeling.

5.3.1 Visual-Language Model: CLIP

Pre-training. Given N (image, text) pairs in one sampling batch, the feature

embeddings for image and text are computed with two encoders respectively, and

dense cosine similarity matrix is calculated between all N possible (image, text)

pairs. The training objective is to jointly optimise the image and text encoders, by

maximizing the similarity between N correct pairs of (image, text) associations,

while minimizing the similarity for N × (N − 1) incorrect pairs via a symmetrical

cross-entropy over the dense matrix, i.e. noise contrastive learning.

Note that, both image and text encoders contain a tokeniser for converting
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image patches or language words to vectors. In particular, the input images are

divided into patches and then flattened into vectors, also called “visual tokens”;

while the input texts are converted into vectors (“textual tokens”) by a trainable

look-up table.

Inference. Once trained, CLIP can be deployed for image classification tasks on

open vocabulary (zero-shot generalisation), with the visual classifiers being gener-

ated from the text encoder (Φtext), which resembles the idea of hypernetwork [Ha

et al. 2016]. For example, to classify an image as cat or dog, the classifiers (ccat
and cdog) can be generated as:

ccat = Φtext(tokeniser(“ this is a photo of [cat]”))

cdog = Φtext(tokeniser(“ this is a photo of [dog]”))

and “this is a photo of [·]” is a handcrafted prompt template, which has shown to

be effective for image classification.

Discussion. Despite the tremendous success on zero-shot image classification,

CLIP has also shown to be sensitive to the handcrafted prompt template, clearly

posing limitations on its efficient adaptation for novel downstream tasks, where

expert knowledge might be difficult to condense or unavailable. So here, we con-

sider to automate such prompt design procedures, exploring efficient approaches

to adapt the pre-trained visual-language models for the novel downstream video-

related tasks, with minimal training.

5.3.2 Prompting CLIP for Video Understanding

In following sections, we start by describing the problem scenario and notations (Sec-

tion 7.3.1); and introduce the idea for model adaptation through prompt learn-

ing (Section 5.3.2); lastly, we augment the CLIP image encoder with temporal mod-

eling, disambiguating the events or actions that require temporal reasoning (Sec-

tion 5.3.2).

Problem Scenario

Given a dataset that consists of training and validation sets, D = {Dtrain,Dval},

e.g. Dtrain = {(V1, y1), . . . , (Vn, yn)}. The video Vi ∈ RT×H×W×3 can range from
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seconds (recognition and retrieval), to minutes long (localisation). Respectively,

yi either refers to one of the Ctrain action labels in the text format for recogni-

tion, e.g. yi = ‘archery’; or dense action category labels of T timestamps for

localisation, e.g. yi ∈ RT×Ctrain ; or fine-grained text descriptions for retrieval,

e.g. yi = ‘fry the onion in a pan’.

In the closed-set scenario, the action categories for training and evaluation are

the same, i.e. Ctrain = Cval; while in the open-set case, the action categories for

training and evaluation are disjoint, i.e. Ctrain ∩ Cval = ∅.

Model Adaptation by Learning Prompts

The goal here is to steer a pre-trained CLIP model to perform various video tasks

with minimal training. In specific, we strive for efficient model adaptation by

prepending / appending a sequence of continuous random vectors (“prompt vec-

tors”) with the textual tokens. While training, both the image and text encoders

of CLIP are kept frozen, and the gradients will flow through the text encoder to

only update the prompt vectors. Ultimately, these learned vectors end up con-

structing “virtual” prompt templates that can be understood by the text encoder,

and to generate desired classifiers or query embeddings, as detailed below.

Action Recognition considers to classify the video clip or snippet into one of the

action categories. In order to generate the classifier, we construct the “virtual”

prompt template by feeding the tokenised action category name into the pre-

trained text encoder (Φtext), for instance:

carchery = Φtext(a1, . . . ,tokeniser(“archery”), . . . , ak)

cbowling = Φtext(a1, . . . ,tokeniser(“bowling”), . . . , ak)

where ai ∈ RD denotes i-th prompt vector, consisting of learnable parameters, and

D is the vector dimension. carchery refers to the generated classifier for the action of

“archery”. Note that, the prompt vectors {ai} are shared for all action categories,

thus are only task-specific.

Action Localisation considers to localise and classify actions from untrimmed

videos. Here, we leverage the two-stage paradigm [Chao et al. 2018; P. Zhao

et al. 2020] to first detect potential class-agnostic action proposals (detailed in
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Section 5.4.1), and followed by the action classification on these detected proposals.

Text-Video Retrieval considers to jointly learn the visual and textual embed-

dings that pair the video and its corresponding textual description. In contrast to

action recognition, where a video snippet is coarsely labeled by an action category,

the text description in video retrieval contains more fine-grained details, usually a

sentence. We here similarly tokenise the entire sentence, and feed the tokenised

results to the text encoder with learnable prompt vectors, to generate the query

embedding for each sentence.

Summary. In general, learning prompts for model adaptation offers the follow-

ing benefits: First, since both classification and retrieval can be tackled with one

framework, with classifiers or query embeddings generated from text, either cate-

gory names or free-form descriptions, all tasks can use one shared backbone, yet

achieve competitive performance (Section 5.4); Second, adapting to novel tasks

only requires to optimise a few prompt vectors, facilitating the few-shot prob-

lem (Section 5.4.2); Third, it enables to make better use of the abundant training

data, and further generalise beyond the closed-set categories (Section 5.4.2).

Temporal Modeling

As for pre-training, CLIP has thoroughly relied on the (image, text) pairs, which

poses clear pros on cons. On the one hand, the (image, text) data used for training

can be easily crawled from the web, which enables to learn much richer contents

under a given compute constraint; however, on the other hand, it ignores the

temporal component of the visual scene, and struggles to recognise the dynamic

events, e.g. push or pull, open or close. In this section, we bridge this image-to-

video gap by adding a simple and lightweight temporal modeling module.

Specifically, we upgrade the CLIP image encoder Φimage into a video one Φvideo,

by attaching Transformers on top of frame-wise features from the frozen image

encoder:

vi = Φvideo(Vi) = Φtemp({Φimage(Ii1), . . . ,Φimage(IiT )})

where Φtemp refers to the temporal modeling module, which is a multi-layer Trans-
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former Encoder, consisting of Multi-head Self-attention, Layer Norm, and MLPs.

To indicate the temporal order, we also add learnable temporal positional encod-

ing onto the image features. The vi ∈ RT×D denotes dense feature embeddings of

the T frames.

Training Loss

Given a batch of (video, text) pairs, the visual stream ends up with dense frame-

wise feature embeddings (vi); while for the textual stream, depending on the con-

sidered downstream tasks, it ends up with a set of action classifiers (ci ∈ Caction)

or textual query embeddings (ci ∈ Cquery).

For action recognition and text-video retrieval, we further compute the video-

snippet-level feature by taking the mean pooling of the dense features:

vi = Φpool(vi) ∈ R1×D (5.1)

For action localisation, we take mean-pool of the dense features within each

detected action proposal, to obtain the proposal-level feature (also denoted as vi
for simplicity).

During training, we jointly optimise the textual prompt vectors and temporal

modeling module, such that the video (proposal) features and its paired classifier

or textual query embedding emit the highest similarity score among others. This

is achieved with a simple NCE loss:

L =−
∑
i

(
log exp(vi · ci/τ)∑

j
exp(vi · cj/τ)

)
(5.2)

Note that both vi and cj have been L2-normalised here, and τ refers to the

temperature hyper-parameter for scaling. In this way, we effectively close the

training objective gap between the CLIP pre-training and various video tasks.

5.4 Experiments

In this section, we conduct experiments on three different video understanding

tasks, i.e. action recognition, action localisation, text-video retrieval, across 9 dif-

ferent datasets. In Section 5.4.2, we conduct ablation studies on action recognition,
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to validate the usefulness of proposed components, i.e., prompt learning and tem-

poral modeling. In Section 5.4.3 and Section 5.4.4, we further benchmark on two

other popular tasks: action localisation and text-video retrieval.

5.4.1 Implementation Details

In this paper, the image and text encoders are adopted from pre-trained CLIP (ViT-

B/16+Transformer). For model adaptation, both encoders are kept frozen, the

only trainable parts are the textual prompt vectors and temporal modeling mod-

ule. All video frames are pre-processed to 224 × 224 spatial resolution, and the

maximum number of textual tokens is 77 (follow the original CLIP design).

For action recognition, all videos are decoded to 30 fps, and 16 frames are

sampled per video with a random frame gap (gap ∈ {1, 2, 3, 4, 5, 6, 10, 15}) for

training. The temporal positional encodings consist of each frame’s index and the

frame sampling gap (that is, video playing speed). The model is optimised using

AdamW [Ilya Loshchilov 2019] with a learning rate of 10−4, and a batch size of 64

videos.

For action localisation, we follow a two-stage paradigm: class-agnostic action

proposal detection and proposal classification. To obtain high-quality action pro-

posals, we first divide the entire video into equal-frame snippets; then use the CLIP

image encoder with one Transformer layer to extract frame-wise embeddings for

each snippet; and finally feed these embeddings to the off-the-shelf proposal de-

tectors [C. Lin et al. 2021; L. Yang et al. 2020]. These detectors construct the

feature pyramid, and make predictions in parallel, to determine actionness, cen-

terness, and boundaries. Please refer to [C. Lin et al. 2021; L. Yang et al. 2020]

for detailed detector architectures and optimisations. Note that, our method is

flexible to the choice of proposal detectors, and we do not innovate on such can-

didate proposal procedures. To generate proposal classifiers, we adopt the same

implementation details as for action recognition.

For video retrieval, we also take the 16-frame input with a random frame

gap (gap ∈ {10, 15, 30}). Note that, here we use significantly larger frame gaps

than action recognition, as the retrieval task tends to require information from

long-term visual dependencies. For more details, we refer the readers to the ap-

pendices.
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5.4.2 Action Recognition

Datasets & Metrics. In this section, we conduct experiments on four popular

benchmarks. HMDB-51 [Hildegard Kuehne et al. 2011] contains 7k videos of 51

actions. Its standard split is to train on 3570 videos and evaluate on another 1530

videos. UCF-101 [Soomro et al. 2012] contains 13k videos spanning 101 human

actions. The standard split is to train on 9537 videos and evaluate on the left 3783

videos. Kinetics-400 [Kay et al. 2017] (K-400) covers around 230k 10-second

clips sourced from YouTube. Each clip describes one action category, and can be

of different resolutions and frame rates. Kinetics-700 [João Carreira et al. 2019]

(K-700) is simply an extension of K-400, with around 650k video clips sourced

from YouTube. To evaluate the recognition performance, we report the standard

TOP1 and TOP5 accuracy, and the average of these two metrics.

K-400 K-700
Model Prompt Temporal TOP1 TOP5 AVG TOP1 TOP5 AVG

Baseline-I [Radford et al. 2021] hand-craft 7 – – – – – 52.4
Baseline-II [Radford et al. 2021] 7 7 – – – – – 66.1

A0 2+X+2 7 65.4 88.7 77.1 56.3 81.9 69.1
A1 4+X+4 7 66.1 89.0 77.6 56.6 82.4 69.5
A2 8+X+8 7 67.9 90.0 79.0 57.4 83.0 70.2
A3 16+X+16 7 68.8 90.1 79.5 57.8 83.1 70.5

A4 16+X+16 1-TFM 75.8 92.9 84.4 64.2 87.3 75.8
A5 16+X+16 2-TFM 76.6 93.3 85.0 64.7 88.5 76.6
A6 16+X+16 3-TFM 76.9 93.5 85.2 64.8 88.4 76.6
A7 16+X+16 4-TFM 76.8 93.5 85.2 64.9 87.9 76.4

Table 5.1: Ablation study for closed-set action recognition. Baseline-I is the “zero-shot”
CLIP inference with handcrafted templates. Baseline-II is the standard linear probe on the pre-
trained CLIP image encoder. TFM denotes the number of Transformer layers for temporal
modeling.

HMDB-51 UCF-101 K-400 K-700
Method TOP1 TOP5 TOP1 TOP5 TOP1 TOP5 TOP1 TOP5

I3D [Joao Carreira and Zisserman 2017] 74.3 – 95.1 – 71.6 90.0 58.7 81.7
S3D-G [S. Xie et al. 2018] 75.9 – 96.8 – 74.7 93.4 – –
R(2+1)D [Tran et al. 2018] 74.5 – 96.8 – 72.0 90.0 – –
TSM [J. Lin et al. 2019] – – – – 74.7 – – –
R3D-50 [Hara et al. 2018] 66.0 – 92.0 – – – 54.7 –

NL-I3D [X. Wang et al. 2018] 66.0 – – – 76.5 92.6 – –
SlowFast [Feichtenhofer et al. 2019b] – – – – 77.0 92.6 – –

X3D-XXL [Feichtenhofer 2020] – – – – 80.4 94.6 – –
TimeSformer-L [Bertasius et al. 2021] – – – – 80.7 94.7 – –

Ours (A5) 66.4 92.1 93.6 99.0 76.6 93.3 64.7 88.5

Table 5.2: Comparison to state-of-the-art approaches on closed-set action recog-
nition. By training far fewer parameters, our model achieves comparable performance to the
existing approaches on all datasets.
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Method K-shot N-way Prompt Temporal UCF-101 HMDB-51 K-400
TARN [Bishay et al. 2019] 5 5 – – – – 78.5
ARN [H. Zhang et al. 2020] 5 5 – – 83.1 60.6 82.4
OTAM [Cao et al. 2020] 5 5 – – – – 85.8
TRX [Perrett et al. 2021] 5 5 – – 96.1 75.6 85.9

Baseline-I [Radford et al. 2021] – 5 hand-craft 7 91.9 68.9 95.1

Ours 5 5 X 7 98.3 85.3 96.4
5 5 X X 97.8 84.9 96.0

Baseline-I [Radford et al. 2021] – CALL hand-craft 7 64.7 40.1 54.2

Ours 5 CALL X 7 77.6 56.0 57.1
5 CALL X X 79.5 56.6 58.5

Table 5.3: Comparison to state-of-the-art approaches on few-shot action recognition.
Here, CALL refers to the case where the model is tested on all categories of the corresponding
dataset, rather than only 5-way classification, e.g. 101 categories for UCF, 400 categories for
K-400. Baseline-I denotes the “zero-shot” CLIP inference with handcrafted templates.

Closed-set Action Recognition

Closed-set video action recognition refers to the commonly adopted setting, where

the model is trained and evaluated on videos from the same action categories, i.e.,

Ctrain = Cval. For comprehensive comparison, we here train and evaluate on the

standard splits of four popular benchmarks, namely HMDB-51, UCF-101, K-400,

and K-700.

Ablation Studies are conducted based on the two largest benchmark datasets,

namely, K-400 and K-700. Table 5.1 presents the results for the prompt learn-

ing and temporal modeling module. And here, the prompt follows the format of

[a1, .. , ak,X, ak+1, .. , a2k]. Note that, although we prepend and append equal num-

ber of prompt vectors, the optimisation can perfectly learn to ignore any of these

vectors, thus we do not ablate the other prompt formats.

As baselines, we compare with the official results reported in the original

CLIP [Radford et al. 2021]. Specifically, Baseline-I refers to the “zero-shot” infer-

ence with handcrafted prompt templates (“a photo of [·].”), and Baseline-II de-

notes the standard practice for training linear classifiers on top of the pre-trained

image encoder on the downstream datasets.

Generally speaking, training more text prompt vectors brings consistent im-

provements on both TOP1 and TOP5 accuracy; In addition, adding temporal

modeling also brings immediate benefits, with average gains of 4.9% and 5.3%

on K-400 and K-700. However, it gives diminishing returns as more Transformer

layers are added. Overall, all results suggest that, both the prompt learning and

temporal modeling are essential. While comparing with Baseline-I, the A3 model

demonstrates a performance boost of 18.1%, clearly showing the benefits of learn-
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ing prompt vectors over handcrafted ones. Moreover, even with fewer trainable

parameters, the A3 model also surpasses Baseline-II, with 4.4% gains, showing the

superiority of prompting adaptation.

For all following action recognition experiments, we inherit the best practice

from the ablation study, i.e. prepend / append 16 prompt vectors to category

names, and only use two Transformer layers for temporal modeling, for its best

trade-off on performance and computational cost.

Comparison to SOTA. Table 5.2 compares our model with the existing state-

of-the-art approaches on the popular action recognition benchmarks. Overall, on

all datasets, our model performs comparably with the competitors, although we

only need to train far fewer parameters, i.e. two Transformer layers and several

prompt vectors, advocating efficient model adaptation.

Few-shot Action Recognition

Few-shot action recognition aims to classify actions in the video with only a few

samples, in this section, we consider to benchmark on two different settings. The

first one follows the previous literature [H. Zhang et al. 2020; Perrett et al. 2021;

Cao et al. 2020], and evaluates on the standard K-shot, N -way classification;

while in the second part, we consider a more challenging setting that classifies all

categories with K-shot training samples. For more details on dataset splits, please

refer to the appendices. As baselines, in both settings, we use the “zero-shot”

CLIP inference with handcrafted templates.

Open-Set
Model Prompt Temporal TOP1 TOP5 AVG

Baseline-I [Radford et al. 2021] hand-craft 7 52.4 77.3 64.9

B0 4+X+4 7 57.4 83.3 70.4
B1 8+X+8 7 57.7 82.6 70.2
B2 16+X+16 7 58.4 82.6 70.5
B3 32+X+32 7 57.5 84.6 71.1

B4 16+X+16 1-TFM 47.9 76.8 62.4
B5 16+X+16 2-TFM 45.5 75.4 60.5
B6 16+X+16 3-TFM 45.6 75.2 60.4

Table 5.4: Ablation study for open-set action recognition on K-700. Baseline-I refers
to the results from CLIP open-set evaluation. The model is trained on 400 categories and tested
on the other 300 disjoint categories.

5-Shot-5-Way Setting. For fair comparison, this setting adopts the publicly

accessible few-shot splits. Specifically, for HMDB-51 and UCF-101, we follow [H.

Zhang et al. 2020] to collect 10 and 21 testing action categories respectively; while
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THUMOS14 (mAP@IoU) ActivityNet1.3 (mAP@IoU)

Method Mode 0.3 0.4 0.5 0.6 0.7 AVG 0.5 0.75 0.95 AVG

CDC [Shou et al. 2017] RGB+Flow 40.1 29.4 23.3 13.1 7.9 22.8 45.3 26.0 0.2 23.8
TALNET [Chao et al. 2018] RGB+Flow 53.2 48.5 42.8 33.8 20.8 39.8 38.2 18.3 1.3 20.2
BSN [T. Lin et al. 2018] RGB+Flow 53.5 45.0 36.9 28.4 20.0 36.8 46.5 30.0 8.0 30.0
DBS [Z. Gao et al. 2019] RGB+Flow 50.6 43.1 34.3 24.4 14.7 33.4 – – – –

BUTAL [P. Zhao et al. 2020] RGB+Flow 53.9 50.7 45.4 38.0 28.5 43.3 43.5 33.9 9.2 30.1
A2NET [L. Yang et al. 2020] RGB+Flow 58.6 54.1 45.5 32.5 17.2 41.6 43.6 28.7 3.7 27.8
GTAD [M. Xu et al. 2020] RGB+Flow 66.4 60.4 51.6 37.6 22.9 47.8 50.4 34.6 9.0 34.1
BSN++ [H. Su et al. 2021] RGB+Flow 59.9 49.5 41.3 31.9 22.8 41.1 51.3 35.7 8.3 34.9
AFSD [C. Lin et al. 2021] RGB+Flow 67.3 62.4 55.5 43.7 31.1 52.0 52.4 35.3 6.5 34.4

TALNET [Chao et al. 2018] RGB 42.6 – 31.9 – 14.2 – – – – –
A2NET [L. Yang et al. 2020] RGB 45.0 40.5 31.3 19.9 10.0 29.3 39.6 25.7 2.8 24.8

Baseline-III RGB 36.3 31.9 25.4 17.8 10.4 24.3 28.2 18.3 3.7 18.2
Ours RGB 50.8 44.1 35.8 25.7 15.7 34.5 44.0 27.0 5.1 27.3

Table 5.5: Comparison to state-of-the-art approaches on closed-set action locali-
sation. AVG denotes the average mAP in [0.3:0.1:0.7] on THUMOS14, and [0.5:0.05:0.95] on
ActivityNet1.3. Baseline-III uses the same proposal detector as Ours, but uses CLIP with hand-
crafted templates as proposal classifiers.

for K-400, we follow [L. Zhu and Y. Yang 2018; Perrett et al. 2021] to collect 24

testing categories, each containing 100 videos. During training, we sample 5 action

categories (ways) from the above data, with 5 videos (shots) from each category,

and use the remaining data for evaluation. To ensure the statistical significance

of experiments, we conduct 200 trials with random samplings.

Table 5.3 presents the average TOP1 accuracy for the three datasets. Our

method (with or without temporal modeling) clearly outperforms all previous

methods by a significant margin, around 10% on HMDB-51 and K-400, indicating

the superiority of our proposed idea for model adaptation.

5-Shot-C-Way Setting. Here, we further consider a more challenging scenario,

scaling the problem up to classifying all categories in the dataset with only 5

samples per category, for example, CALL = 400 for K-400, CALL = 101 for UCF-

101. Specifically, on each dataset, we sample 5 videos (shots) from the training

set for each action category, to form the few-shot training data, and then measure

performance on the corresponding standard testing set.

For this experiment setting, we conduct 10 random sampling rounds, and record

the average TOP1 accuracy in Table 5.3. Comparing to the 5-way classification,

the C-way setting is clearly more challenging, our model (with or without temporal

modeling) still demonstrates promising results. While comparing to the Baseline-I,

our performance gains on UCF-101 and HMDB-51 are around 15%.
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Open-set Action Recognition

In this section, we evaluate on open-set action recognition, with videos in the

training set and validation set from different categories, i.e. Ctrain ∩ Cval = ∅.

Specifically, we split the K-700 dataset into two parts, with Ctrain = 400 categories

for training, and the remaining Cval = 300 categories for evaluation. For more

details on the dataset splits, please refer to the appendices.

As a baseline, we evaluate the CLIP model with handcrafted prompt templates.

As reported in Table 5.4, our model achieves 6.0% improvements on TOP1 accu-

racy over the Baseline-I, showing the effectiveness of prompt learning for open-set

recognition. Interestingly, the number of learnable prompt vectors does not make

a difference, and adding temporal modeling diminishes the performance gain. We

conjecture this is because the additional Transformer layer will specialise on the

training set, thus harming the generalisation towards unseen action categories.

Conclusion & Discussion

Among all the benchmarks on action recognition, we have demonstrated the effec-

tiveness of prompt learning and temporal modeling. For closed-set action recog-

nition, even without temporal modeling, learnable prompts clearly surpass the

handcrafted ones, and linear probe settings. While comparing to state-of-the-art

approaches, despite training far fewer parameters, our model still demonstrates

competitive performance on all benchmarks. For few-shot action recognition with

limited number of training samples, model adaptation through prompt learning

really shines, outperforming all previous methods significantly. Lastly, for open-

set scenarios, textual prompts enable to make better use of the abundant training

data, and further improve the generalisation beyond the seen actions.

5.4.3 Action Localisation

Datasets & Metrics. In this section, we conduct experiments on two locali-

sation datasets. THUMOS14 [Y.-G. Jiang et al. 2014] covers 413 untrimmed

sports videos of 20 action categories, with an average of 15 action instances per

video. The standard split is 200 training videos and 213 validation videos. Activ-

ityNet1.3 [Heilbron et al. 2015] has around 20k untrimmed videos of 200 action

categories, each video contains an average of 1.5 action instances. The standard
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split is 10, 024 training videos and 4, 926 validation videos. For evaluation met-

rics, we follow the conventional choices and use mean Average Precision (mAP)

at different IoU thresholds. On THUMOS14, we report the mAP at the IoU set

[0.3 : 0.1 : 0.7]; as for ActivityNet1.3, the IoU set is [0.5 : 0.05 : 0.95].

Closed-set Action Localisation

Closed-set action localisation refers to the common setting, where the model is

trained and evaluated on videos of the same action categories, i.e. Ctrain = Cval.

For a fair comparison, we use the same dataset splits as in the literature.

Table 5.5 reports the comparison results. As a baseline, we adopt the same first-

stage proposal detector, but use the original CLIP with handcrafted templates (“

this is a photo of [·]”) for the second-stage proposal classifier. On both datasets, our

model significantly outperforms the Baseline-III, again confirming the effectiveness

of prompt learning and temporal modeling. While comparing with other existing

methods that use pre-trained RGB stream, our method also demonstrates superior

performance, with around 5.2% and 2.5% gains on average mAP respectively.

Open-set Action Localisation

In this section, we evaluate on the open-set scenario, i.e. action categories for

training and testing are disjoint. As we are not aware of any existing benchmarks

on this challenging problem, we initiate two evaluation settings on THUMOS14

and ActivityNet1.3: one is to train with 75% action categories and test on the

left 25% action categories; the other is to train with 50% categories and test on

the left 50% categories. To ensure statistical significance, we conduct 10 random

samplings to split categories for each setting.

Table 5.6 shows the mean performance. In two-stage localisation, as proposals

are class-agnostic, the key is the proposal classifier. Similar to closed-set local-

isation, for comparison, we implement the same baseline, which uses the same

proposal detector as our model, but classifies action proposals using original CLIP

with handcrafted prompts. In both settings, our model shows superior performance

than the Baseline-III. However, when comparing with the closed-set evaluation, the

performance of open-set drops dramatically. Note that, such performance drop now

comes from two sources: one is the recall drop from the first-stage class-agnostic

action proposals, because for open-set settings, there exist certain differences in
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THUMOS14 ActivityNet1.3

Method Train 0.3 0.4 0.5 0.6 0.7 AVG 0.5 0.75 0.95 AVG

Baseline-III 75% 33.0 25.5 18.3 11.6 5.7 18.8 35.6 20.4 2.1 20.2
Ours 75% 39.7 31.6 23.0 14.9 7.5 23.3 37.6 22.9 3.8 23.1

Baseline-III 50% 27.2 21.3 15.3 9.7 4.8 15.7 28.0 16.4 1.2 16.0
Ours 50% 37.2 29.6 21.6 14.0 7.2 21.9 32.0 19.3 2.9 19.6

Table 5.6: Results of open-set action localisation. Baseline-III uses the same proposal
detector as Ours, but uses CLIP with handcrafted templates as the proposal classifier. Our
model is trained on 75% (or 50%) action categories and tested on the remaining 25% (or 50%)
action categories.

the boundary distribution of training and testing proposals; the other comes from

the second-stage classification errors. In the appendices, we provide a full ablation

study to show the performance degradation under the open-set scenario.

5.4.4 Text-Video Retrieval

Datasets & Metrics. In this section, we evaluate on three large-scale text-video

retrieval datasets. LSMDC [A. Rohrbach et al. 2017] covers 118, 081 videos of 2

to 30 seconds. We train on 7, 408 validation videos, and evaluate on 1, 000 inde-

pendent test videos. MSRVTT [J. Xu et al. 2016] has 10, 000 videos and 200, 000

captions. We train on the ‘Training-9K’ split [Gabeur et al. 2020], and test with

the ‘test 1k-A’ [Y. Yu et al. 2018] containing 1, 000 clip-text pairs. SMIT [Mon-

fort et al. 2021a] (Spoken Moments) contains over 500k videos randomly chosen

from the M-MiT training set [Monfort et al. 2021b], and 10k validation videos.

Each video contains at least one text description. For evaluation, following the

literature, we report average recall at K (R@K). Due to the space limitation, we

refer the readers for the full Table with median rank (MdR).

Results. Table 5.7 presents the results on three benchmarks. Note that, in these

experiments, we only employ 8 learnable prompt vectors, i.e. [4+X+4]. This is

because the text encoder from pre-trained CLIP takes limited number of textual

tokens up to 77, whereas the text query for retrieval tends to be long. And for

the cases where the tokenised text query is longer than the maximum supported

length of CLIP, we truncate the sequence to fit our specified pattern.

While comparing with the Baseline-IV that denotes the results from the original

CLIP model with naïvely-encoded text queries, our proposed prompt learning and

temporal modeling module demonstrate clear benefits on all benchmarks. Com-
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MSRVTT (9K) LSMDC SMIT

Method E2E R@1 R@5 R@1 R@5 R@1 R@5

CE [Yang Liu et al. 2019] 7 21.7 51.8 12.4 28.5 – –
MMT [Gabeur et al. 2020] 7 24.6 54.0 13.2 29.2 – –

TT-CE+ [Croitoru et al. 2021] 7 29.6 61.6 17.2 36.5 – –

Baseline-IV 7 31.2 53.7 11.3 22.7 39.3 62.8
Ours ([4+X+4]) 7 36.7 64.6 13.4 29.5 66.6 87.8

Frozen [Bain et al. 2021] X 31.0 59.5 15.0 30.8 – –
CLIP4Clip [H. Luo et al. 2021] X 44.5 71.4 22.6 41.0 – –

Table 5.7: Results of text-video retrieval. Baseline-IV refers to the original CLIP model
with text query naïvely encoded, i.e. without using any prompt. E2E denotes if the model has
been trained end-to-end.

paring with the existing approaches that are specifically targeting the text-video

retrieval problem, our proposed method still performs competitively, although it

only requires to optimise a few prompt vectors, along with two Transformer layers

on the considered retrieval datasets.

5.5 Conclusion

In this paper, building on image-based visual-language models, e.g. CLIP, we pro-

pose to learn task-specific prompt vectors for efficient and lightweight model adap-

tation. We evaluate the proposed idea on 9 popular benchmarks of major video

understanding tasks: action recognition, localisation, and text-video retrieval.

Thorough comparisons and ablation studies are conducted to analyse the criti-

cal components, at different scenarios: closed-set, few-shot, and open-set. In the

closed-set scenario, despite training only a small number of free parameters, we

achieve competitive performance to the modern state-of-the-art methods. In few-

shot and open-set scenarios, we significantly outperform existing methods across

all tasks, sometimes by over 10%.

Limitation and Broader Impact. Our proposed idea relies on the visual-

language model pre-trained on the large-scale image alt-text data, which could

potentially incur two limitations: First, bias in the web data, Second, as temporal

modeling is only used on top of visual features, it may fail to model fine-grained

motions. As future work, we expect better visual-language models to be trained,

further improving model adaptation by proposed prompt learning; and given more

compute available, end-to-end finetuning with all data combined will further boost
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the performance.

Appendices

Appendices for this chapter can be found in the online version of the paper. 1

Statement of authorship

A statement of authorship for this paper is provided in Appendix A.

1https://ju-chen.github.io/efficient-prompt/
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Chapter 6

Turbo Training with Token

Dropout

The paper has been accepted for publication at the British Machine Vision Con-

ference (BMVC), 2022.
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Abstract

The objective of this paper is an efficient training method for video

tasks. We make three contributions: (1) We propose Turbo training, a

simple and versatile training paradigm for Transformers on multiple video

tasks. (2) We illustrate the advantages of Turbo training on action clas-

sification, video-language representation learning, and long-video activity

classification, showing that Turbo training can largely maintain competitive

performance while achieving almost 4× speed-up and significantly less mem-

ory consumption. (3) Turbo training enables long-schedule video-language

training and end-to-end long-video training, delivering competitive or supe-

rior performance than previous works, which were infeasible to train under

limited resources.
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6.1 Introduction
The extra temporal axis of video, compared to a static image, can capture rich

information such as long term activities and stories. However, it also brings a few

orders of magnitude of more data with the concomitant costs in processing and

memory requirements. This, together with the long training schedules required

to train networks on video data, has tremendously slowed research progress in

video understanding and has raised the bar for researchers to make contributions

in this area, particularly with limited resources. Furthermore, training consumes

a significant amount of energy and hardware, with detrimental consequences for

the natural environment.

In this paper, we propose a computation-efficient paradigm for training Trans-

formers on video tasks, termed as Turbo training, which only needs to process

sparsely sampled visual tokens. It is based on a multi-task training that jointly

optimises two objectives: a masked region autoencoder loss, and the standard

training loss for the downstream task of interest, for example, cross-entropy for

action recognition, or contrastive loss for visual-language representation learning.

Turbo training is possible because the visual data contains redundancy. As

observed in the recent self-supervised pre-training work, such as MAE [K. He et

al. 2022] for images and [Tong et al. 2022; Feichtenhofer et al. 2022] for videos,

it is sufficient to use only a small fraction of the input visual tokens to recon-

struct the visual signal. For example, in images, 75% of the visual tokens can be

dropped, whilst in videos, the dropout can be even more aggressive, and 90% of the

spatio-temporal tokens can be dropped while still being able to learn a strong rep-

resentation using self-supervision. In Turbo training, we adopt a similar intuition

and target efficient supervised training for video understanding. In short: given

the high redundancy in videos, training a Transformer with sparsely

sampled visual tokens is sufficient for the downstream tasks of interest.

This is beneficial for video understanding tasks in two ways: first, training effi-

ciency, it dramatically reduces the computational cost for training transformers;

second, memory requirements, videos of longer length can be loaded and directly

trained on, leading to improved performance and new abilities, i.e., end-to-end

training the transformer models.

To summarise, we make the following contributions: (1) We propose Turbo
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training, a new paradigm for training Transformers on video understanding tasks,

that jointly optimises a masked autoencoding and standard training loss for the

downstream task of interest. (2) We illustrate the advantages of Turbo training

on three video understanding tasks, including action classification, video-language

training, and long-video activity classification, showing that training on sparsely

sampled video patches can largely maintain competitive performance on most of

the video tasks of interest, while achieving almost 4× speed-up and significant

reduction in memory consumption. As a consequence, (3) Turbo training enables

long-schedule video-language representation learning and end-to-end long-video ac-

tivity classification, delivering competitive or superior performance than previous

methods.

6.2 Related Works

Masked Autoencoding has been used in the natural language processing com-

munity with great success to pre-train language models with a fill-in-the-blank

task; specifically, the model is trained to use the context words surrounding a

masked token to try to predict what the masked word should be, a typical ex-

ample would be BERT [Devlin et al. 2018]. In fact, a similar idea has also been

investigated in computer vision for self-supervised learning in the seminal work of

context autoencoder [Pathak et al. 2016], where the authors proposed to learn a

visual representation by training a ConvNet to inpaint the missing region of an

image. However, due to the large effective spatial receptive fields of ConvNets,

severe boundary artefacts weakened the learnt representation. Recently, with the

advent of the Vision Transformers [Dosovitskiy et al. 2020], that do not suffer

from the same spatial receptive field problem, masked autoencoding has become

popular again as an effective method to pre-train large-scale Vision Transformers.

Examples include MAE [K. He et al. 2022], SimMiM [Zhenda et al. 2022], and

BEiT [Bao et al. 2022] for images, and [Feichtenhofer et al. 2022; Tong et al. 2022;

Agrim Gupta et al. 2022] for videos.

Efficient Deep Neural Networks. Since the resurgence of deep neural net-

works, reducing the computational cost for training or inference has always con-

sidered as an important topic. For instance: in image classification, novel ar-

chitectures are regularly developed, Binarised Neural Networks [Courbariaux et
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al. 2016; Rastegari et al. 2016], MobileNet [Howard et al. 2017], ShuffleNet [X.

Zhang et al. 2018], EfficientNet [M. Tan and Le 2019]; and in object detection,

single-stage detectors have drastically improved the efficiency of object detection,

e.g., YOLO [Redmon et al. 2016], SSD [W. Liu et al. 2016], RetinaNet [T.-Y. Lin

et al. 2017], CornerNet [Law and J. Deng 2018], etc. When processing videos,

the efficiency becomes even more critical. In the literature, approaches have been

proposed to intelligently sample the video data, by exploiting the relatively cheap

audio modality in videos [Korbar et al. 2019], to exploit variable mini-batch shapes

for fast training [C.-Y. Wu et al. 2020], or to directly train on compressed videos

without decoding [Z. Wu et al. 2018].

Efficient Transformers. Transformer model architectures have gained immense

interest due to their effectiveness on a range of tasks, including computer vi-

sion, natural language processing, reinforcement learning, etc. The self-attention

mechanism is a critical design in Transformer that enables each input token to

explicitly build relationships with others. In order to improve the general effi-

ciency, a rich set of ideas have been explored to reduce the complexity for com-

puting the self-attention affinity matrix, for example, to develop recurrence in

the Transformer (Transformer-XL [Dai et al. 2019]), to reduce the computation

consumption by only exploiting Transformer decoders with a controllable num-

ber of queries (Perceiver [Jaegle et al. 2021]), to use learnable attention pool-

ing (Routing Transformer [Roy et al. 2020], Sinkhorn Transformer [Tay et al.

2020], Reformer [Kitaev et al. 2020]) to rely on low rank matrix decomposition

of the affinity matrix from self-attention (Linformer [S. Wang et al. 2020], Mo-

tionFormer [Patrick et al. 2021b], Performer [Choromanski et al. 2021], Linear

Transformer [Katharopoulos et al. 2020]), to exploit sparse representation (Prod-

uct Key Memory [Lample et al. 2019]) for the affinity matrix. In this paper, our

proposal is orthogonal to the above mentioned techniques, specifically, motivated

by the high redundancy in visual signals, we aim to train the Transformer on

videos with only sparsely sampled visual patches.
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Figure 6.1: Illustration of Turbo training. We train a Video Transformer model by
only using sparsely sampled visual tokens, for faster training and reduced compu-
tational cost. To achieve this goal, we exploit a multi-task training scheme, with
one task being partial masked autoencoding, and the other being the standard su-
pervised loss for the downstream task of interest, for example, contrastive learning
for visual-language pre-training, or cross-entropy for action classification.

6.3 Method

We start by presenting an overview of Vision Transformers in Section 6.3.1, and

discuss their pros and cons for video understanding tasks. In Section 6.3.2, we

introduce the Turbo training, and describe its application for efficiently training

the Vision Transformer on videos.

6.3.1 Vision Transformers for Videos

Generally speaking, given a video with T frames, i.e., V = {I1, I2, . . . , IT}, with

Ik ∈ RH×W×3, as input to a Vision Transformer (ViT), the video is first split

into non-overlapping spatial-temporal patches, and projected with linear layers to

get a sequence of token vectors. After appending a learnable ‘CLS’ token (vCLS),

the resulting vector sequence is then processed with series of transformer encoder

layers, i.e., z = ΦViT([vCLS, v1, ..., vn]+PE), where vi denotes one of the n = nt·nh·nw
spatio-temporal patches of size t × h × w, with nt = bT/tc, nh = bH/hc, nw =

bW/wc, and PE refers to the spatio-temporal positional encodings.

With the self-attention operations along all the spatial-temporal patches, the

benefit of applying ViT on videos is prominent – it can capture the long-term

dependency in the videos. However, the self-attention also incurs the quadratic

complexity, i.e., O((nt ·nh ·nw)2), for scenarios when the input video is long (more

than a few seconds), the memory consumption becomes infeasible. As a conse-

quence, the majority of ViT-based architectures are still limited to only processing

short video clips.
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6.3.2 Turbo Training

In this paper, we introduce a Turbo training regime, that aims to exploit the

redundancy in video data, and optimise a video Transformer for multi-task training

with only sparsely sampled visual tokens. It requires optimizing for two objectives:

(i) partial masked autoencoding, that acts as a proxy task to force the model to

capture the spatio-temporal information to a full extent, with only the sparsely

sampled video patches; and (ii) the default objective for the considered downstream

task, that may refer to cross-entropy or contrastive learning.

In the following, we start by describing the partial masked autoencoder, and

then detailing the use of Turbo training on various video understanding tasks,

including: action classification, video-language training and long-video activity

classification.

Partial masked autoencoder (PMAE). We use a ViT as the visual en-

coder (ΦViT-enc(.)), that consists of a number of Transformer encoder blocks, op-

erating on the input visual tokens. Inspired by MAE [K. He et al. 2022], we

also use a shallow decoder with much fewer Transformer blocks than the en-

coder (Φdec(.)). After preparing the spatial-temporal patches, we define three

operations for the embedded tokens: (1) masking the input visual tokens with a

ratio m, which means only Ni = nt · nh · nw · (1 − m) tokens are fed into the

visual encoder (ΦViT-enc(.)); (2) reconstructing at a reconstruction ratio r, that

means Nr = nt · nh · nw · r tokens are the targets of the reconstruction tasks;

(3) the unused Nignore = nt · nh · nw · (m − r) tokens are ignored in the training

iteration. Note that a natural constraint r ≤ m holds, and the original MAE

setting [K. He et al. 2022] can be regarded as the special case when r = m. This

training regime significantly cuts downs the memory consumption, for example,

the complexity for self-attention in the encoder layer is only O(N2
i ), compared to

operating on the full token sequence (O((nt · nh · nw)2)), while the decoder layer

can be quite lightweight, with the complexity of self-attention being O((Ni+Nr)2).

Action Classification. Here, we apply the Turbo training for Transformers on

the video action classification task. In addition to the above-mentioned partial

MAE loss (LPMAE), we adopt the standard cross-entropy loss on the short clips.

Specifically, when given a labelled video sample {V , y}, i.e., a short video clip
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with an action label, we take the ‘CLS’ feature from the final layer of the visual

encoder, then we pass the visual feature to a classifier, that is parametrised with

a single MLP layer (denoted as g(.)), and trained with cross entropy loss. The

overall objective for classification training is

L = λCE · LCE(g(zCLS), y) + LPMAE (6.1)

In practice we set the weight λCE = 1/ log (num_classes) to balance two losses.

Visual-language Pre-training. Recently, visual-language representation learn-

ing has attracted growing interest from the community, due to its convenience of

data curation procedure and remarkable performance on “zero-shot” generalisa-

tion on various image classification tasks [Radford et al. 2021; C. Jia et al. 2021].

However, the challenge for training the model lies in its requirement for a signifi-

cant amount of compute and long training schedule. Turbo training can be applied

to this scenario, to significantly speed up and reduce the memory cost. In addition

to the sparse MAE loss (LPMAE), here we also adopt a standard InfoNCE loss (noise

contrastive learning [van den Oord et al. 2018]) to learn the joint embedding for

the visual and language streams.

Specifically, given a paired video-language sample {V , y}, e.g., a video clip and

a sentence that describes the visual scene, we use a Transformer-based language

model Ψtext(·) to encode the sentence, and take the language ‘CLS’ token as the

representation for the entire sentence:

zt = Ψtext([wCLS, w1, . . . , wn] + PE)

where wi denotes word embedding after tokenisation, and PE denotes the posi-

tional embedding for the language. As for the visual stream, we use the same

Transformer-based visual encoder (ΦViT-enc(·)), as introduced above, and take the

final visual ‘CLS’ feature as the visual feature. The overall visual-language training

loss is

L = λNCE · LNCE + LPMAE (6.2)

with LNCE denoting a bi-directional (visual-to-language & language-to-visual) In-
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foNCE loss.

LNCE = −1
2

(
log exp (zv · zt)∑

t exp (zv · zt)
+ log exp (zv · zt)∑

v exp (zv · zt)

)

In practice we set the weight λNCE = 1/ log (batch_size) to balance two losses.

Long-video activity classification. Turbo training enables to load longer video

sequences for end-to-end training, which was a challenging factor for long-video

tasks. By applying Turbo training, the method for long-video activity classification

is largely simplified and is similar to the method of short-video action classification.

Specifically, given a labelled long video sample {V , y}, we still optimise Eq. 6.1 as

the main objective, whilst applying a larger masking ratio on the input video V is

necessary to reduce computational cost.

6.4 Experiments

In this section, we validate the effectiveness of Turbo training by experimenting

on three different tasks: video action classification, video-language representation

learning, and long-video activity classification.

6.4.1 Action Classification

Dataset. We conduct experiments on two datasets, UCF101 [Soomro et al.

2012], containing 13k short video clips for 101 human actions, andHMDB51 [Hilde-

gard Kuehne et al. 2011], containing 7k short video clips for 51 human actions.

We report the Top1 classification accuracy on this task.

Implementation. In accordance with the experiment setting as used in [Tong

et al. 2022], for each short video clip we decode the video with 5 fps and randomly

sample 16 video frames at 224×224 resolution as input, which approximately spans

about 3.2 seconds in time. The video frames are passed to the ΦViT(·) with a token

dropout controlled by the mask ratio m, and we take the final-layer ‘CLS’ token

as the video feature, which is further passed to a linear classifier and trained with

cross-entropy (CE) loss. Also, we keep a light-weight MAE objective controlled by

a reconstruction ratio r, that is to reconstruct some randomly selected (r× 100%)
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space-time patches with a light weight ViT decoder. The overall objective function

is in equation 6.1. We experiment with different combinations of the mask and

reconstruction ratios {m, r}, to study their effects on turbo training. For more

training details, we refer the reader to Appendix.

6.4.2 Video-Language Representation Learning

Dataset. For the experiments on video-language pre-training, we adopt the re-

cent HTM-AA dataset, where the video and language description have been

temporally auto-aligned with self-supervision [Han et al. 2022]. HTM-AA con-

tains 250K videos sourced from the HowTo100M [Miech et al. 2019] dataset, with

over 3.3M clip-sentence pairs. For evaluation of the learnt video-language repre-

sentation, we benchmark on a temporal action alignment task on theHTM-Align

dataset [Han et al. 2022]. Specifically, HTM-Align contains 80 long videos from

YouTube with a total of 5K ASR sentences, and each visually alignable sentence

has a manually labelled temporal segment. Note that, we only use this HTM-

Align dataset for evaluation purposes, and all training is done on the automatically

curated HTM-AA dataset, thus it can be seen as a ‘zero-shot’ evaluation on the

HTM-Align.

Implementation. In accordance with [X. Lin et al. 2022], we choose MPNet [Song

et al. 2020] as the language encoder. MPNet takes as input a sentence and outputs

a textual feature vector. On the visual side, we use ΦViT(·) and take the final-layer

‘CLS’ token as the video feature. To demonstrate the effectiveness of Turbo train-

ing for the Vision Transformer, we fix the weights of the language model, and only

finetune the weights of the ViT architecture, initialized from VideoMAE [Tong

et al. 2022] (pretrained on Kinetics-400 [Kay et al. 2017]). As in Sect. 6.4.1, the

visual encoder takes as input a 16-frame short video clip extracted with 5 fps, and

the language encoder takes the corresponding sentence associated with the video

clip. Overall, we take a batch size of at most 32 clip-sentence pairs (depending on

different masking ratios) for video-language training, with an InfoNCE loss. We

refer the reader to Appendix for more training and evaluation details.
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6.4.3 Long-video Activity Classification

Dataset. To demonstrate the effectiveness of exploiting Turbo training for end-

to-end Transformer training on long video sequences, here we evaluate long-video

activity classification on the Breakfast [Hilde Kuehne et al. 2014] and COIN [Y.

Tang et al. 2019] datasets. In detail, Breakfast contains 1712 long videos for 10

cooking activities including ‘making coffee’ and ‘frying egg’. COIN contains 11k

long videos covering 180 general activities including ‘car polishing’ and ‘assembling

sofa’. The videos in these two datasets are often minute-long and untrimmed, con-

taining procedural actions to complete the particular activity.

Implementation. In our experiment, we load n = {16, 32, 64} frames as the

video input, and train the Transformer end-to-end. Note that, such an end-to-

end setting was not easily achievable in previous works due to the large memory

footprint. In detail, at the training time, we randomly choose the start and end

timestamp among the first and last 20% duration of the video, then uniformly

take n frames in between. The rest of the architectural design is similar to that

of Sect. 6.4.1. At inference time, we repeat sampling n frames for 10 times from

each video, and average the prediction probability, resembling the multi-crop test

that has been widely used in existing work [Simonyan and Zisserman 2014]. By

default, we use a batch size of 16 videos and train the Transformer for 100 epochs

on Breakfast and 50 epochs on COIN.

6.5 Results

Here, we start by showing the efficiency improvement from Turbo training on

action classification (Sect. 6.5.1), then compare with existing works (Sect. 6.5.1).

Next, we report the results for video-language representation learning (Sect. 6.5.2),

followed by long-video activity classification (Sect. 6.5.3).

6.5.1 Turbo Training for Action Classification

Ablation Study: the speed and performance trade-off

In action classification, we investigate two of the hyperparameters of the PMAE,

namely the mask ratio m and reconstruction ratio r. For the training, we use
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Mask% Recon% GFLOPs Acc (%)
0 - (w/o MAE) 180.6 94.8∗
50 50 (MAE) 99.3 93.7
75 75 (MAE) 57.6 91.8
75 25 (PMAE) 45.9 91.6
90 90 (MAE) 35.2 89.7
90 10 (PMAE) 18.3 89.6

Train (m%,r%) Inference m% Acc (%)
90, 10 90 89.6
90, 10 50 90.1
90, 10 0 90.3
75, 25 75 91.6
75, 25 50 91.9
75, 25 0 92.4

Table 6.1: Left: Speed and performance trade-off on the UCF101 classification
task. *: our implementation of [Tong et al. 2022] on UCF101. Right: Generali-
sation to different mask ratios at the inference time.
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Figure 6.2: Memory footprint of training one video with different input frames.

ViT-B initialized with the VideoMAE weights, and then finetune the network on

UCF101 for action classification.

Both high mask ratio and low reconstruction ratio can reduce the com-

putation. In Table 6.1 (left), we compute the GFLOPs for the Transformer

model during Turbo training. Note that GFLOPs contains both the classifier

head for action classification and the decoder for patch reconstruction. It is evi-

dent that increasing the masking ratio can reduce the GFLOPs, e.g., by applying

a 50% masking ratio for action classification, the GFLOPs can be reduced by half

at a cost of only 1% Top1 classification accuracy. Additionally, we find reducing

the reconstruction ratio can also reduce the GFLOPs while incurring minimum

effect to the final classification accuracy (91.8 to 91.6, and 89.7 to 89.6). In the

following experiments, we use settings with {m, r} = {0.75, 0.25} and {0.5, 0.5},

that demonstrate a balance between the performance and the compute operations.

Figure 6.2 and 6.3 show the reduced memory footprints and the significant speed-

up during training.
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Figure 6.3: Training progress on UCF101 with a batch size of 16 for 100 epochs.

Generalisation to smaller masking ratio during inference. Here, we take

the models trained with {m, r} = {0.9, 0.1} and {0.75, 0.25}, and test it with

different masking ratio at inference time. In Table 6.1 (right), we show that the

model trained with high-rate token dropout can be used with a lower mask ratio at

inference time. For example, inference with full patches (m = 0) achieves the best

performance regardless of the training masking ratio. In the following experiments,

we thus use m = 0 at inference by default.

Comparison to state-of-the-art

In Table 6.2, we compare to the existing approaches, which have been pre-trained

on video or multimodal data in a self-supervised manner, and then end-to-end

finetuned on the downstream tasks. Note that, the comparison here is by no

means fair, due to the differences in architecture, training data, and resolutions.

However, the key message in this comparison is that, even with only 50% of the

visual tokens for finetuning, the model can still achieve competitive performance

compared to all other models, while only needing half the training time as the

original finetuning with all visual tokens. Additionally, with further self-supervised

Turbo training on video-language data (in Sect. 6.5.2), the performance can be

further boosted.
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Finetune Method Pretrain Method Backbone Pretrain Data Modality UCF HMDB
Classic CoCLR [Han et al. 2020b] S3D K400 V 87.9 54.6
Classic CVRL [Qian et al. 2020] Slow-R152 K600 V 93.6 69.4
Classic ρ-BYOL [Feichtenhofer et al. 2021] Slow-R50 K400 V 94.2 72.1
Classic VideoMAE [Tong et al. 2022] ViT-B K400 V 96.1 73.3
Classic MIL-NCE [Miech et al. 2020] S3D-G HTM V+T 91.3 61.0
Classic TAN [Han et al. 2022] S3D-G HTM-AA V+T 92.0 -
Classic XDC [Alwassel et al. 2020] R(2+1)D-18 IG65M V+A 94.2 67.1
Classic GDT [Patrick et al. 2021a] R(2+1)D-18 IG65M V+A 95.2 72.8
Turbom=0.5,r=0.5 VideoMAE [Tong et al. 2022] ViT-B K400 V 94.4 71.8
Turbom=0.5,r=0.5 NCE ViT-B HTM-AA V+T 95.7 73.6

Table 6.2: Comparing with recent self-supervised methods by finetuning on
UCF101 and HMDB51 action classification. We apply Turbo training for fine-
tuning, ‘Classic’ means traditional finetuning method without any token dropout
or not applicable to token dropout. We use {m, r} = {0.5, 0.5} for our results.

6.5.2 Turbo Training for Video-Language Representation

Learning

In this section, we experiment with video-language turbo training on the HTM-AA

dataset. In detail, we consider three settings: no masking, {m, r} = {0.5, 0.5}, and

{0.75, 0.25}. For each setting, we use the same implementation and the maximum

number of video sequences a single NVidia A40 GPU can handle. We measure the

quality of the video-language representation by monitoring the temporal action

alignment performance on the HTM-Align dataset [Han et al. 2022], i.e., training

wall-clock time vs. the temporal alignment performance. In detail, we extract the

per-second visual features for the long videos in HTM-Align, then use the text

embeddings to retrieve the corresponding visual moment in the time axis, recall is

1.0 if the predicted timestamp fall into the ground-truth temporal segment. We

report Recall@1 (R@1) only on alignable sentences as in [Han et al. 2022].

As shown in Figure 6.3 (left), it is clear that a higher mask ratio significantly

increases the training efficiency. For example, after being trained for 18h, the

0.75 mask ratio achieves 28% R@1, whereas the baseline setup only gets 11%

R@1. Additionally, to get the same performance, the m = 0.75 setting gives a

3.5× speed-up comparing with m = 0.5 (reaching 27% R@1 requires 11.3 hours

and 40 hours respectively). For the baseline setting without Turbo training, it

is not feasible to achieve a comparable performance under a single GPU training

budget, showing that Turbo training indeed leads to improved performance and

new abilities for existing Transformer models to finetune on video tasks in an

end-to-end manner.

In Table 6.3 (right), we compare with previous methods on HTM-Align dataset.
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3.5x speed up Method Pretrain Data R@1
CLIP (ViT-B-32) [Radford et al. 2021] YFCC 16.8

MIL-NCE [Miech et al. 2020] HTM 31.3
TAN [Han et al. 2022] HTM 49.4

Turbo (m=0.75) HTM-AA 36.7

Table 6.3: Left: progress of vision-language pretraining monitor by R@1 on HTM-
Align dataset. Right: zero-shot text-visual alignment results on HTM-Align
dataset. We adopt the same setting as [Han et al. 2022] and report Recall@1
as the metric.

Note that our representation is not comparable with TAN [Han et al. 2022],

in which their model contains temporal transformers modelling the surrounding

minute-long context, while our model only extracts per-second features for this

alignment task. Importantly, our Turbo training method surpasses MIL-NCE rep-

resentation (36.7% vs. 31.3%), which was trained using 64 TPUs and a long

training schedule.

6.5.3 Turbo Training for Long-video Activity Classification

Turbo training enables the end-to-end training of Transformers on long-video tasks,

that used to be a critical bottleneck. We compare three settings: (1) 16-frame

input with {m, r} = {0.5, 0.5} (denoted as F16), (2) 32-frame input with {m, r} =

{0.75, 0.25} (denoted as F32), and (3) 64-frame input with {m, r} = {0.875, 0.125}

(denoted as F64). Each of them has the same number of visible patches to the en-

coder but with different temporal extent. For frame sampling, we first sample the

starting and ending positions from the beginning and the last 20% of the video,

then we uniformly sample frames within this segment.

Effect of loading longer sequences. In Table 6.4, increasing the frame num-

bers from 16 to 32 (row B vs. C) shows the longer temporal extent is beneficial

for activity classification (e.g. 91.3 vs. 88.2 on Breakfast), we conjecture a denser

temporal sampling has a higher chance to sample the characteristic moment in the

long video. However, further increasing the frame numbers to 64 does not help

the activity classification task. It might be because the high token masking ratio

(m = 0.875) could frequently miss the key objects or actions in the video frame.
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Temporal Method Clip Model Pretrain Supervision Pretrain Data BF COIN
Timeception [Hussein et al. 2019a] 3D-ResNet [3] action labels K400 71.3 -
VideoGraph [Hussein et al. 2019b] I3D [3] action labels K400 69.5 -
GHRM [J. Zhou et al. 2021] I3D [3] action labels K400 75.5 -
Transformer [X. Lin et al. 2022] TimeSformer [3] action labels K400 81.1 83.5
Transformer [X. Lin et al. 2022] TimeSformer [7] k-mean on ASR HTM 81.4 85.3
Transformer [X. Lin et al. 2022] TimeSformer [7] Dist. Sup HTM+WikiHow 89.9 88.9
[A] Turbo F32 N/A (end-to-end) [7] VideoMAE K400 86.8 82.3
[B] Turbo F16 N/A (end-to-end) [7] NCE HTM-AA 88.2 81.2
[C] Turbo F32 N/A (end-to-end) [7] NCE HTM-AA 91.3 87.5
[D] Turbo F64 N/A (end-to-end) [7] NCE HTM-AA 87.3 86.8

Table 6.4: Procedural activity classification on the Breakfast (BF) and COIN
dataset. [3] denotes supervised training and [7] denotes training without manual
labelling.
Comparison with other works. When learning from 32 frames on the Break-

fast dataset end-to-end, our simple one-stage method outperforms previous meth-

ods (91.3 vs. 89.9) which typically require a two-stage setting: extracting short-

clip features, then training temporal models on these pre-extracted features. On

the COIN dataset, our one-stage method achieves comparable results (87.5 vs.

88.9). We conjecture a longer temporal context with smaller masking ratio could

further improve the performance on uncurrated natural videos like COIN, which

inevitably demands higher hardware requirements. Comparing row C and row A

further shows the effectiveness of our vision-language training from Sect. 6.5.2.

6.6 Conclusion

We propose a simple and versatile Turbo training paradigm for Vision Trans-

formers. We show that it is applicable to multiple video tasks including action

classification, video-language training, and long-video activity classification, and

can achieve superior performance, while significantly reducing the required compu-

tation and memory cost. Turbo training has demonstrated the ability to lower the

resource requirements and enable end-to-end Transformer training for long videos.
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Abstract

The objective of this paper is a temporal alignment network that ingests

long term video sequences, and associated text sentences, in order to: (1)

determine if a sentence is alignable with the video; and (2) if it is alignable,

then determine its alignment. The challenge is to train such networks from

large-scale datasets, such as HowTo100M, where the associated text sen-

tences have significant noise, and are only weakly aligned when relevant.

Apart from proposing the alignment network, we also make four con-

tributions: (i) we describe a novel co-training method that enables to de-

noise and train on raw instructional videos without using manual annota-

tion, despite the considerable noise; (ii) to benchmark the alignment per-

formance, we manually curate a 10-hour subset of HowTo100M, totalling 80

videos, with sparse temporal descriptions. Our proposed model, trained on

HowTo100M, outperforms strong baselines (CLIP, MIL-NCE) on this align-

ment dataset by a significant margin; (iii) we apply the trained model in

the zero-shot settings to multiple downstream video understanding tasks and

achieve state-of-the-art results, including text-video retrieval on YouCook2,

and weakly supervised video action segmentation on Breakfast-Action; (iv)

we use the automatically-aligned HowTo100M annotations for end-to-end

finetuning of the backbone model, and obtain improved performance on

downstream action recognition tasks.
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7.1 Introduction

The recent CLIP and ALIGN papers [Radford et al. 2021; C. Jia et al. 2021]

have demonstrated that a combination of large scale paired image-caption data,

and a simple noise contrastive learning loss can be used to learn powerful image-

text embeddings from scratch. The image-caption data can be crawled from the

internet at scale, for example from image alt-text, and the resulting embeddings

demonstrate strong “zero-shot” generalization abilities. In the video domain, there

also exists large-scale sources of text supervision, e.g. narrated instructional videos

such as the HowTo100M [Miech et al. 2019] dataset, where demonstrators explain

their actions while performing a complex task. The narrations are unconstrained

and can be combinatorially complex, including information on “what”, “where”

and “when”, such as the actions, the objects, human-object interactions, etc.

However, these instructional videos pose additional fundamental challenges

over the image-caption scenario due to the temporal alignment problem (illustrated

in Figure 7.1): (i) the demonstrator often makes statements that are unrelated to

the visual signal, such as describing food taste or explaining the consequence of

actions. These texts are not visually alignable. (ii) the demonstrator might ex-

plain their action before or after performing it, and their statements often do not

follow the same order as their actions, resulting in the text and visual entities

being asynchronous. These texts are not temporally aligned to the visual signal.

Additionally, unlike spatial segmentation in images, where objects boundaries are

often formed by a discontinuity between regions with strong gradients, temporal

actions in videos are often continuous, making it difficult to clearly define the

start and end points for the temporal interval. Last but not the least, there is

additional noise coming from the imperfect Automatic Speech Recognition (ASR)

systems on the spoken narrations. Note that the image-caption data does not face

these problems since captions are provided by human annotators for that image;

although they may be incomplete, there is no temporal alignment issue.

The extent of these alignment challenges is significant [Miech et al. 2019; Miech

et al. 2020]. In 10 hours of instructional videos (sourced from HowTo100M) that we

annotated for this work, only 30% of the narration sentences are visually alignable,

and only 15% are naturally well-aligned. This means that the demonstrator is de-

scribing their action synchronously with the video only 15% of the time. If the
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Figure 7.1: An example of visual-textual mis-alignment in a raw instructional video.
The presenter’s narration can be not visually relevant at all, e.g. describing a flavor; or
asynchronous with visual content by a time difference. The 3 and 7 indicate visually
alignable and non-alignable text, respectively (by human judgement). The colored bar
shows the start-end timestamp of narration. Example from https://www.youtube.com/watch?

v=M8OGXmLTTiI?t=30.

alignment issues are resolved then the benefits of learning from such narrated in-

struction videos can potentially be substantial: with the extra time axis alignment,

models can be trained to deal with fine-grained tasks, and predict temporal action

localization and segmentation.

In this paper, we tackle the sentence-to-video temporal alignment problem,

and propose a Temporal Alignment Network (TAN) that ingests a video sequence

and its associated narrative sentences, attends to a large temporal context in

both, and is able to: (1) determine if a sentence is alignable with the video;

and (2) if it is alignable, then determine its temporal alignment. Given all the

challenges described above, training such a network on raw instructional videos,

e.g., HowTo100M, is clearly a non-trivial task. To this end, we propose a novel

method for denoising, by co-training TAN with an auxiliary dual encoder network.

By design, these two networks use complementary architectures: TAN iteratively

attends to temporal context from both visual and textual modalities, establish-

ing accurate alignment for sentences that are alignable; while the dual encoder

processes visual and textual modalities independently, which enables it to spot

unalignable sentences at ease, e.g., sentences that emit low alignment score to all

frames within the video. The output from these two networks can be treated as

two different views for alignment, and their mutual agreements are adopted for

co-training.

In addition to introducing the model and training methodology, we make

the following contributions: (1) We manually annotate an 80-video subset of

HowTo100M, named HTM-Align, by assigning the visually related sentences

to their corresponding timestamps and annotating visually unrelated ones. This

aligned subset is used to evaluate the model’s performance and is released publicly;
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(2) We train the model on the HowTo100M dataset, and demonstrate a signifi-

cant improvement in alignment over prior work (MIL-NCE approach of [Miech

et al. 2020] in particular); (3) We apply the trained model in both the zero-

shot and fine-tuned settings to multiple downstream video tasks and achieve

state of the art results on both settings. This includes text-video retrieval on

YouCook2 [L. Zhou et al. 2018a] and weakly supervised video action segmentation

on Breakfast-Action [Hilde Kuehne et al. 2014]; (4) We use the automatically-

aligned HowTo100M annotations to finetune the backbone model, and observe im-

proved performance on downstream action classification tasks.

7.2 Related Work

Joint Visual-Textual Learning has a long history in computer vision. As ex-

amples, early work from Mori et al. [Y. Mori et al. 1999] explored the connection

between image and words in paired text documents, and [Weston et al. 2011] learnt

a joint image-text embedding for the case of class name annotations. Recent works

like CLIP [Radford et al. 2021] and ALIGN [C. Jia et al. 2021] show that large-

scale paired image-caption data combined with a simple noise contrastive learning

loss is able to learn a powerful visual representation. In video domains, this is also

true, as shown by MIL-NCE [Miech et al. 2020], ALBEF [Junnan Li et al. 2021],

and VideoClip [Hu Xu et al. 2021].

Visual-Textual Retrieval learns a joint embedding space for both vision and

language, either using a dual encoder [Bain et al. 2021; Gong et al. 2014b; Gong

et al. 2014a; Klein et al. 2015; Pan et al. 2016; Plummer et al. 2017; Dong et al.

2019; Miech et al. 2019; Radford et al. 2021; C. Jia et al. 2021], where visual and

textual inputs are independently encoded, or a joint encoder, constructed with

multimodal Transformers [H. Tan and Bansal 2019; Lu et al. 2019; W. Su et al.

2019; Lu et al. 2020; Y.-C. Chen et al. 2020; G. Li et al. 2020; L. Zhou et al. 2020],

where vision and text inputs are fed into the cross-modal attention to compute

the similarity. Despite being more accurate, the incurred computation of the joint

encoder limits its use for large-scale retrieval systems. In [Miech et al. 2021], the

authors propose to speed up the process by only using the joint encoder for re-

ranking. In this work, we also use both joint and dual encoders, but for a different
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purpose – to exploit their complementary information for co-training.

Visual-Textual Alignment aims to temporally assign words or sentences to the

corresponding video segments. A similar task is weakly-supervised action segmen-

tation that tries to delineate the video segments corresponding to a given action

list [Bojanowski et al. 2014; Bojanowski et al. 2015; Hilde Kuehne et al. 2017; Ding

and C. Xu 2018; D.-A. Huang et al. 2016; Richard et al. 2018; C.-Y. Chang et al.

2019; Zhukov et al. 2019; Jun Li et al. 2019; C. Zhang et al. 2021]. In transcript

alignment [K. P. Sankar et al. 2006; Cour et al. 2008; P. Sankar et al. 2009; Y.

Zhu et al. 2015; Makarand Tapaswi et al. 2015b], where instead of an action list,

scripts describing a series of events in the video are given, the goal is to assign each

of the script texts to the appropriate segment (shot) of the video. More closely

related to our goal are methods that seek a global alignment between sequences

with soft Dynamic Time Warping (DTW) [Cuturi and Blondel 2017]. The recent

Drop-DTW [Dvornik et al. 2021] proposes to handle outliers in the sequences by

allowing the alignment process to automatically skip certain steps. This is similar

to our aim of identifiying non-alignable sentences. However, since in HowTo100M

the order of the alignable sentences does not follow the original order of the sub-

titles, this rules out the use of DTW-type approaches.

Co-training and Self-training are common techniques for unsupervised and

weakly supervised learning. Co-training [Blum and Mitchell 1998] builds two mod-

els to learn the different views of the data, while using one to expand the training

set for the other. It has recently been used for representation learning [Yonglong

Tian et al. 2020a; Han et al. 2020b]. Self-training refers to the process of training

on pseudo-labels generated from a model’s own predictions. It has been used for

image classification [Caron et al. 2018; Caron et al. 2020; Yuki M Asano et al.

2020], object detection [Cinbis et al. 2015], and machine translation [K. He et al.

2020]. Our work is related to this line of research, where the TAN and the auxiliary

network self-correct the noisy annotations, such that both networks can gradually

improve their performance by training on cleaner data.

Supervised Action Segmentation & Detection have been extensively stud-

ied on numerous video datasets, e.g. Breakfast-Action [Hilde Kuehne et al. 2014],

YouCook2 [L. Zhou et al. 2018a], Charades [Sigurdsson et al. 2016], ActivityNet [Heil-
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bron et al. 2015], EPIC-Kitchens [Damen et al. 2020]. For segmentation, the goal

is to densely classify each time point of the video into one of the pre-defined action

categories [Hilde Kuehne et al. 2014; M. Rohrbach et al. 2012; Fathi and Rehg

2013; Bhattacharya et al. 2014; Bojanowski et al. 2014; Singh et al. 2016; Lea

et al. 2017; P. Lei and Todorovic 2018; Farha and Gall 2019; M.-H. Chen et al.

2020]. Research has focused on designing effective modules to capture dependen-

cies between different video chunks [Singh et al. 2016; Lea et al. 2017; P. Lei and

Todorovic 2018; Farha and Gall 2019]. For detection, the goal is to localize the

sparsely distributed action segments, i.e. annotation is non-contiguous. In gen-

eral, there are two-stage approaches that consist of a separate action proposal

stage and a classification stage [Shou et al. 2016; Huijuan Xu et al. 2017; Y. Zhao

et al. 2017; Chao et al. 2018; T. Lin et al. 2018], and one-stage approaches that

combine both [Yeung et al. 2016; Nawhal and G. Mori 2021].
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K×C

K×T

Multimodal Transformer

- i sprinkle over with some salt and sugar
- extra virgin olive oil
- that gives a nice earthy flavour

- i sprinkle over with some salt and sugar
- extra virgin olive oil
- that gives a nice earthy flavour

K×T

(T+K)×C

Dual Encoder

Joint Encoder

0/1

0/1

0/1

Temporal Alignment 
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Figure 7.2: Left: The Temporal Alignment Network (TAN) takes an untrimmed long video
as input, and first extracts the visual and textual features by a pre-trained 3D ConvNet (f(.))
and a pre-trained text module (g(.)). The visual features and textual features are concatenated
and passed into a Multimodal Transformer Encoder, a.k.a. joint encoder, where the attention
can capture the interaction between the visual and textual modalities. A linear head φ classifies
the alignability of the output text embedding. Right: To train the TAN on noisy instructional
videos, we build an auxiliary dual encoder, which takes the same visual and textual features as
input, but only use a Video Transformer Encoder to process the video data with self-attention.
For both TAN and the dual encoder, similarity matrices Â, Âd are computed between the output
text features and the output visual features respectively, which are used at the co-training stage,
as introduced in Section 7.3.4.

7.3 Method

We start by describing the problem scenario in Sec 7.3.1, followed by the architec-

ture for our proposed alignment network in Sec 7.3.2. In Sec 7.3.3, we describe a

naïve training procedure on raw instructional video, with the text-video correspon-

dence provided by YouTube ASR, despite the considerable noise. In Sec 7.3.4, we
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present the co-training method, that exploits the mutual agreement between the

alignment network and an auxiliary dual encoder, and is able to simultaneously

denoise and learn from the noisy narrated instructional videos.

7.3.1 Problem Scenario

Given an untrimmed instructional video X = {I,S}, where I = {I1, I2, . . . , IT}

refers to the corresponding video with T frames, and S = {S1, . . . , SK} denotes

the K given sentences (ordered by time). For each sentence, we also have their

timestamps obtained from YouTube ASR (e.g. [tstartk , tendk ] for the k-th sentence).

In this paper, our goal is to train a temporal alignment network on a video dataset

of instructional videos, which takes the videos and sentences as inputs, and outputs

a textual-visual similarity matrix (Â), as well as an alignability score for each

sentence:

{ŷ, Â} = Φ(X ; Θ), Â ∈ RK×T (7.1)

where ŷ ∈ RK×2 refers to binary scores for all sentences, indicating whether the

sentence is alignable. Â denotes the similarity matrix between frames and the

given sentences, where for any alignable sentence it should emit a higher score

with its corresponding video timestamps than others, and Θ are the parameters

of the model.

7.3.2 Temporal Alignment Network (TAN)

As shown in Figure 7.2 (left), the alignment network takes a video sequence and

its associated narration / text sentences as input, and attends to the long tempo-

ral contexts in both, in order to: (i) determine if a sentence is alignable with the

video (ŷ), and (ii) output the alignment matrix (Â). Next, we describe the align-

ment network, consisting of a visual-textual backbone, Multimodal Transformer,

and alignability prediction module.

Visual-Textual Backbone. Given a long instructional video (e.g. 64s) with

its associated sentences, we first extract the visual and textual features with pre-

trained networks. Specifically, based on MIL-NCE [Miech et al. 2020], we use their

pre-trained S3D-G backbone to extract video features, and a 2-layer MLP with
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the word2vec embeddings [Mikolov et al. 2013a] to extract sentence features.

v = f(I) ∈ RT×C s = g(S) ∈ RK×C (7.2)

v, s refer to the computed video and text features respectively, and each is of di-

mension C, in general, T � K.

Multimodal Transformer. This module jointly processes the visual-textual

features (v, s) with a multi-layer Transformer Encoder, which iteratively attends

to both modalities to establish the text-to-video correspondence:

[v̂; ŝ] = ΦMT([v + TE; s]) (7.3)

where ΦMT refers to the Multimodal Transformer Encoder, TE denotes the learn-

able temporal embedding, v̂ ∈ RT×C and ŝ ∈ RK×C are the output visual and

textual embeddings from the Multimodal Transformer, and the “[; ]” symbol de-

notes concatenation. The alignment matrix Â ∈ RK×T is computed via cosine

similarity:

Â[i,j] = ŝi · v̂j
‖ŝi‖‖v̂j‖

(7.4)

Alignability Prediction Module. Apart from estimating the alignment ma-

trix, another main functionality of the alignment network is to infer whether a

particular sentence is alignable or not. This is achieved by training a single linear

layer (φ(·)) on the textual features, as shown in Figure 7.2 (left):

ŷ = φalign(ŝ) (7.5)

where ŷ ∈ RK×2 refers to the binary predictions for all sentences, deciding if the

sentence is alignable or not.

7.3.3 Training

In this section, we describe a naïve training procedure for the alignment network

with contrastive learning, on the instructional videos with YouTube ASR times-

tamps. Note that, at this stage, all the sentences have their corresponding video

timestamps, and are treated as alignable. Hence, the alignability prediction mod-
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ule can not be trained here.

Temporal Correspondence. For a video with K sentences, we directly convert

its YouTube ASR results into 1D binary masks, with 1’s at the timestamps where

the sentence is being spoken by the demonstrator, i.e., Y = {m1, . . . ,mK}, where

mi ∈ R1×T . The objective is therefore to jointly optimize the visual-textual em-

bedding, such that the similarity score between the sentence and its corresponding

visual frames is maximised. The training objective is constructed as:

LTC = −
K∑

k=1
log

∑
i∈Pk

exp (Â[k,i]/τ)∑
i∈Pk

exp (Â[k,i]/τ) +
∑

j∈Nk
exp (Â[k,j]/τ)

(7.6)

where Pk ∈ {mk = 1}, Nk ∈ {mk = 0} refer to the sets consisting of positive and

negative pairs, respectively. LTC resembles a variant of the InfoNCE loss [van den

Oord et al. 2018].

Discussion. Given the groundtruth annotation for alignment, optimizing LTC

would be trivial. However, on raw instructional videos where the provided YouTube

ASR timestamps are highly unreliable with an extremely high noise ratio, naïvely

optimising LTC leads to sub-optimal results, as will be demonstrated in Sec-

tion 7.5.2.

In general, the noise sources from the raw instructional videos can be mainly

categorised into three types, as shown in Figure 7.1: First, the majority of the

given sentences are actually not correlated to the video content (unalignable),

e.g. greeting, chatting; Second, there is an alignment offset, in that the temporal

interval of the spoken sentence rarely aligns with the video segments it refers to;

Third, the demonstrator often makes statements that do not follow the same order

as their action, which rules out the use of DTW-type approaches.

7.3.4 Co-Training
In this section, we propose a novel co-training method to both denoise the in-

structional videos and train the alignment network. Specifically, we introduce a

dual encoder (Section 7.3.4), which can be seen as a collaborator to the alignment

network. This procedure is detailed below.
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Figure 7.3: Illustration of denoising by mutual agreement. The video sample is the same as
in Figure 7.1. (a): The alignment matrix A from the TAN after Stage-1 training. (b): The
alignment matrix Ad from the dual encoder after Stage-1 training. (c): The most alignable times-
tamps are inferred from both alignment matrices. (d): By filtering the IoU of pseudo-timestamps
and filtering the alignable/non-alignable text denoted by 3 / 7, the model dynamically chooses
aligned temporal segments to train, and ignores non-alignable ones. For this example, the self-
labelling process corrects the timestamps of the 1st and 3rd sentences, and marks the rest of the
sentences as non-alignable. It roughly matches the human judgement of the alignment as shown
in Figure 7.1. The alignment matrix values shown here are computed from the trained model-A
in Table 7.1.

Dual Encoder

As shown in Figure 7.2 (right), the dual encoder independently processes the

visual features with a Transformer Encoder [Vaswani et al. 2017]. It is designed

to be complementary to the alignment network: for example, the dual encoder

is fast and lightweight, which enables training on a large number of visual-text

pairs, however, it only allows both modalities to communicate at the end, hence is

unable to capture the textual contexts, and it is more sensitive to detect unaligned

texts; while the proposed TAN, consisting of a Multimodal Transformer, always has

access to both modalities, and can learn to establish visual-textual correspondence

within the network. Despite being beneficial for the temporal alignment task, the

TAN is slow and computationally demanding, limiting its ability for contrasting

with large-scale and diverse negative visual-textual pairs. Formally, for the dual

encoder, we have:

v̂d = Φd(v + TE) ∈ RT×C (7.7)

where Φd refers to the Video Transformer, and TE is the learnable temporal

embedding for supplying the temporal ordering. A textual-visual cosine similarity
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matrix Âd ∈ RK×T from the dual encoder is computed as:

Âd[i,j] =
si · v̂dj
‖si‖‖v̂dj ‖

(7.8)

Denoising by Mutual Agreement

To denoise the YouTube ASR annotations, we generate pseudo-labels (both the

alignability and the timestamps) by verifying the mutual agreement between the

output alignment matrices from the alignment network and dual encoder, i.e. Â

and Âd. The verification process is executed in three steps:

(a) Infer Timestamps. During training, for each sentence, we use the two out-

put alignment matrices Â, Âd ∈ RK×T (Figure 7.3-a,b) to infer the most plausible

aligned timestamps. To avoid outlier points, for the k-th sentence, we scan its cor-

responding similarity row by averaging the scores within a temporal window, this

window is of the same size as its original YouTube timestamp label, i.e sentence

by the demonstrator.

Afterwards, we pick the most confident prediction by taking the argmax. Note

that, such operation ends up with a single temporal window with the same dura-

tion as the YouTube timestamp. That is to say, we only shift the temporal position

of the original YouTube label to its most confident prediction. At this step, for

the k-th sentence, we obtain two ‘shifted’ timestamps m̂k and m̂d
k, one from the

alignment network, the other from the dual encoder respectively, as shown in Fig-

ure 7.3-c.

(b) Alignment overlap using IoU. Given the inferred timestamps for sentence

k, we compute an Intersection-over-Union (IoU) score to measure the agreement

between the shifted timestamps:

IoU-scorek = m̂k ∩ m̂d
k

m̂k ∪ m̂d
k

(7.9)

A high IoU score indicates the sentence is very likely to be aligned with the inferred

timestamps. For a batch, we filter the sentences with a positive IoU score, and

update their timestamps by the union of their inferred timestamps m̂k ∪ m̂d
k. Em-

pirically, we find this operation roughly updates the timestamps for about 30% of

the sentences. For the sentences with zero IoU score, we keep their YouTube times-

128



tamps unchanged. Such an operation ends up with a set of updated timestamps

{m̂′1, . . . , m̂′K} for all sentences.

In addition, to reflect each sentence’s alignability, we can compute an average

cosine similarity score falling into the new temporal segment. Formally, for the

k-th sentence,

εk = 1∑
m̂′k

∑
m̂′k · (Â + Âd)[k,:] (7.10)

where εk refers to the alignment score. To put it simply, if a sentence has positive

IoU-score, we compute its align-score within the union of inferred timestamps; if it

has zero IoU-score, we compute its align-score within its original YouTube times-

tamps.

(c) Filter Alignability. To filter the alignability scores, i.e., {ε1, . . . , εK},

we introduce a hyper-parameter α ∈ [0, 1], within a sample batch, we treat

the sentences with the top 100α% of align-score as positive, and the bottom

100(1 − α)% sentences as negative. This gives binary pseudo-labels for alignabil-

ity, denoted as ypseudo. The alignability prediction module can thus be trained

for binary classification with a cross-entropy loss (as shown in Figure 7.2), i.e.,

L̂Alignability = CE(ŷ, ypseudo).

Intuitively, this is to say, a sentence is treated as being alignable if both the

alignment network and the dual encoder agree the sentence has a high similarity

with its corresponding time stamps. Also the LTC (Equation 7.6) is only trained for

the top 100α% of the sentences. In our experiments, we sweep α ∈ {0.25, 0.5, 0.75}.

Training Cycle

To summarize, the training can be divided into two stages. At the first stage (S1:

Initialization), both the alignment network and dual encoder are trained with LTC
using the given YouTube timestamps as labels. Once warmed up, the new pseudo-

labels will be generated from the mutual agreement between alignment network

and dual encoder on the fly, and starts the second stage training (S2: Co-Training),

with Ltotal = L̂TC + L̂Alignability. Note that it is not necessary to iterate S1 and

S2, because in S2 the quality of pseudo-labels can be improved along the training

with an EMA mechanism (introduced next). By default in our experiments, we

train S1 for 50k iterations, and train S2 for another 50k iterations. It accounts for
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8 epochs on HTM-370K per stage.

Self-labelling with EMA

Naïvely using the mutual agreement between the alignment network and dual en-

coder for co-training can lead to trivial solutions, where the alignment network and

the dual encoder learn to “collaborate” with each other and assign high similarity

scores to certain fixed timestamps. We avoid this ‘collapse problem’ by keeping

an Exponential Moving Average (EMA) of the model similar to BYOL [Grill et al.

2020]. The EMA branch is only slowly updated and used to generate the agree-

ments for denoising as introduced in Section 7.3.4. The main branch is trained

with the updated timestamps and alignability. We use the same momentum coef-

ficient as that from BYOL in our experiments (0.99). By default, all evaluations

use the main branch.

7.4 Experiments

In this paper, we train the proposed temporal alignment network on a subset of

the HowTo100M dataset [Miech et al. 2019]. To start, we first describe the data

preparation process, and present the annotated visual-textual aligned subset of

HowTo100M (named HTM-Align) for evaluation. Then we describe the imple-

mentation details and ablation studies for the alignment task.

7.4.1 Data Preparation

HowTo100M is a large-scale instructional video dataset crawled from YouTube,

consisting of around 1.2M videos and their generated text transcripts from speech (ASR).

The start-end timestamps of each sentence are provided by ASR, but they are often

not semantically aligned with the visual scene (Figure 7.1).

HTM-370K (Training)

We mostly use a subset of the original HowTo100M for training, with 370K videos

from the ‘Food & Entertaining’ categories, consisting of 32% of the videos of the

entire HowTo100M dataset. Apart from the mis-alignment issue, we also find three

other issues in the subtitles: incorrect language translation, duplicated text, and

incomplete sentence fractions. As dataset pre-processing, we conduct an automatic

curation with open-sourced BERT-based model. The full details of automatic
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curation can be found in the Appendix.

After automatically processing and filtering out low-quality subtitles, we end

up with a subset of 370K instructional videos, thus the name HTM-370K. Note

that all the cleaning steps are automatic, using models trained with self-supervised

learning. We attribute the pre-processing of HowTo100M as a small contribution,

and we will make all cleaned video IDs and subtitles publicly available.

HTM-Align (Evaluation)

We randomly pick 80 videos from the HTM-370K as a hold-out testing set for

evaluation purpose. These videos range from 2 to 16 minutes, totalling 10 hours.

We manually label the alignability for each sentence, i.e. binary annotation. For

those alignable ones, we further align them to the video segments with start-end

timestamps. In total, 49K sentences are manually examined, with 13K of them

being manually aligned. On average each video contains 61 sentences, and 17 of

them are visually aligned.

Unlike the existing YouCook2 benchmark, where annotators only rephrase fixed

recipe steps as the action description, HTM-Align includes random instructional

videos without a fixed recipe, and are adopted from the demonstrators’ narration

with minor modification, hence containing large diversity on both videos and texts.

The details of the annotation and examples can be found in the Appendix.

7.4.2 Implementation Details
During training, we adopt a pre-trained S3D (released by [Miech et al. 2020]) as

the video encoder. Specifically, the S3D network outputs a single feature vec-

tor (1024D) for every 16 frames, when the videos are decoded with 16fps, this

accounts for 1 feature per second without temporal overlap. For the text encoder,

we use Bag-of-word (BoW) based on Word2Vec embeddings. By default, in each

video we randomly sample a temporal window of 64 seconds (which is 64 con-

tinuous visual features, we also tried 32s and 128s in ablation study), and the

corresponding subtitles within this window. We train the model with AdamW op-

timizer and 10−4 learning rate, with a batch size of 64 videos. Full implementation

details are in the Appendix.
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Basic Setting Training Stages Stage2 Settings Aligned-HTM

model dataset length (#sec) #tfm layers S1:Init S2:Self Threshold α R@1↑ ROC-AUC↑

CLIP YFCC-400M – – – – – 16.8 71.7∗
MIL-NCE HTM-Full (uncurated) – – – – – 31.3 73.1∗

A HTM-370K 64 6-6 3 7 – 45.8 73.0∗
B HTM-370K 64 3-3 3 7 – 42.3 72.6∗

C HTM-370K 64 6-6 3 3 0.25 42.5 79.7
D HTM-370K 64 6-6 3 3 0.5 49.4 82.4
E HTM-370K 64 6-6 3 3 0.75 48.8 82.2

F HTM-370K 32 6-6 3 3 0.5 41.1 77.5
G HTM-370K 128 6-6 3 3 0.5 48.4 81.8
H HTM-Full 64 6-6 3 3 0.5 49.2 82.6

Table 7.1: Alignment results on the HTM-Align dataset. ∗: since the model
does not have a binary classifier for alignability, for each sentence, we take its maximum
logits over time as the alignability measurement to compute ROC-AUC. For the ‘# tfm
layers’ column, we show the number of transformer encoder layers we use for the TAN
and the dual encoder. CLIP denotes the ViT-B/32 model from [Radford et al. 2021]
and MIL-NCE denotes the S3D model from [Miech et al. 2020].

7.5 Alignment Results
In this section, we report the experimental results for our proposed temporal visual-

textual alignment task on the HTM-Align dataset. In detail, during inference,

given the video with a sequence of sentences by the demonstrator, we take the

alignment matrix from our alignment network, Â ∈ RK×T , with K,T indicating

the number of sentences and video timestamps respectively.

7.5.1 Metrics

We measure two metrics for the alignment task, Recall@1 and ROC-AUC value.

The Recall@1 metric is a ‘pointing game’ as introduced in [Zhukov et al. 2019].

Specifically, for a considered sentence, if its maximally matched video timestamp

falls into the groundtruth segment, it is counted as being successfully recalled.

The recall scores are then averaged across all the text segments. The alignability

prediction is a binary classification problem as introduced in section 7.3.1, we use

ROC curve and report the Area-Under-the-Curve value (ROC-AUC).

7.5.2 Ablation Study

In this section, we investigate the effects of multiple design choices and discuss the

results.

Comparing with baseline. In Table 7.1, the first two rows are the baselines

from CLIP (ViT-B/32) [Radford et al. 2021] and MIL-NCE [Miech et al. 2020].
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Specifically, we compute the alignment similarity matrix using their textual and

visual encoders, normalize the score following their pretrained paradigms, and

compute the R@1 on top of the alignment matrix. Note that for ROC-AUC,

since CLIP and MIL-NCE do not have a specific binary classifier, for each text,

we directly use its maximum similarity score (across the time axis) as an indica-

tor of alignability. First, CLIP [Radford et al. 2021] is performing significantly

worse than others on this alignment task. A possible reason is that CLIP has only

been trained on images, thus lacks video dynamics. MIL-NCE is a strong baseline

which has short-term temporal modelling (up to 3.2s) and was trained end-to-end

on HowTo100M. In our model-A, we take the pre-extracted visual and textual

feature from MIL-NCE, and train the transformers on the HTM-370K dataset to

learn a longer temporal context (e.g. 64s) for the alignment task. Our result

(model-A 45.8 R@1 vs MIL-NCE 31.3 R@1) shows that longer temporal context

is useful for this alignment task.

Effect of Transformer Depth. For both the alignment network and dual en-

coder, we use 6-layer transformers by default, as a balance between performance

and training cost. In model-B we also tried using 3-layer transformer and found it

performs worse than 6-layer transformer (model-B vs A). Using more than 6 layers

takes more memory and sacrifices batch size.

Effect of Co-Training. In the model-{D,E}, we apply the Stage-2 training (co-

training) based on the model-A. We observe that co-training brings a clear per-

formance gain for the alignment task (model-{D,E} vs. model-A, 3-4% boost on

R@1), confirming the effectiveness of the denoising procedure. Note that model-C

does not perform well due to the choice of alignability threshold α, explained next.

Effect of Alignability Thresholds. For the choice of alignability threshold α

(as introduced in Section 7.3.4), which reflects a balance of data noise and diversity

in the co-training procedure, our model-{C,D,E} show α = 0.5 and α = 0.75 work

similarly well for alignment metrics and α = 0.5 is slightly better for the R@1

metric. However α = 0.25 leads to much worse performance. We conjecture that

a low value of α limits the diversity while training LTC (i.e. LTC learns from only

25% of the sentences).

Effect of Training Data. In model-H, we train the co-training stage on the au-
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tomatically curated HTM-Full dataset, which includes all other non-cooking cate-

gories from HowTo100M comparing with HTM-370K. Comparing model-H with D

on the alignment task, adding out-of-domain videos does not harm the alignment

performance on our curated subset.

Effect of Input Video Length. In Table 7.1, we vary the length of the input

video to show if our alignment network benefits from the longer video context.

Indeed, the alignment network gets better performance when increasing the input

video length from 32 to 64 seconds (model-D vs model-F). We conjecture that

sampling longer input video introduces more alignable sentences, helps to reduce

the temporal ambiguity for other sentences. However, further increasing the input

video length to 128 seconds gives a similar alignment performance (model-G vs

model-D), we conjecture this is due the reduced batch size in training, and the

far-away visual context (i.e. 2 minutes or further) is less relevant for aligning the

sentence.

Method Trained on BF F-Acc↑ IoU↑ IoD↑
MIL-NCE [Miech et al. 2020] 7 (ZS) 59.3 46.8 65.1

Ours (S1+S2) 7 (ZS) 65.1 50.6 68.6
D3TW [C.-Y. Chang et al. 2019] 3 57.0 - 56.3

CDFL [Jun Li et al. 2019] 3 63.0 45.8 63.9
DP-DTW [X. Chang et al. 2021] 3 67.7 50.8 66.5

Ours (S1+S2) 3 68.3 51.7 69.3

Table 7.2: Temporal alignment on the Breakfast-Action (BF) dataset. We split
the previous methods into two groups. For the upper group, the model has not seen any
samples in Breakfast-Action dataset since Breakfast-Action videos are not download-
able from YouTube. For the lower group, the model is trained with weak supervision on
the Breakfast-Action training set.

Method Trained on YC2 R@1↑ R@5↑ R@10↑ Median R↓
ActBERT [L. Zhu and Y. Yang 2020a] 7 (ZS) 9.6 26.7 38.0 19

MIL-NCE [Miech et al. 2020] 7 (ZS) 15.1 38.0 51.2 10
MIL-NCE [Miech et al. 2020]† 7 (ZS) 13.9 36.3 48.9 11
TaCo [J. Yang et al. 2021] 7 (ZS) 19.9 43.2 55.7 8.0

Ours (S1) 7 (ZS) 16.8 41.3 54.8 8.0
Ours (S1 + S2) 7 (ZS) 20.1 45.5 59.5 7.0

Table 7.3: Text-based video retrieval on the YouCook2 (YC2) dataset. ZS
refers to “zero-shot”, where the alignment network is only trained on HTM-180K, and
directly evaluated on YouCook2. †: reproduced in [L. Zhou et al. 2021]. For our results,
S1 denotes only training Stage-1 (initialization), which is the model-A from Table 7.1.
S1+S2 denotes training with two stages (initialization followed by co-training), which
is the model-E from Table 7.1.
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7.6 Downstream Tasks
Apart from evaluating the alignment task on HTM-Align, we also test our align-

ment network on other downstream tasks. Specifically, we evaluate on temporal

action alignment (using the alignment network) and text-based video retrieval (us-

ing the dual encoder due to speed considerations [Miech et al. 2021]). We also

evaluate linear action classification on the backbone feature to show the effect of

auto-aligned dataset. See the Appendix for full details.

Datasets. To evaluate the alignment network, we use Breakfast-Action [Hilde

Kuehne et al. 2014] and YouCook2 [L. Zhou et al. 2018a] for downstream tasks.

To evaluate the end-to-end representation learning, we use UCF101 [Soomro et al.

2012], HMDB51 [Hildegard Kuehne et al. 2011] and K400 [Kay et al. 2017].

Temporal Alignment on Breakfast-Action. Given a video with multiple ac-

tions and the corresponding action descriptions, the model needs to densely label

each video timestamp with one given text description, often defined as weakly-

supervised action segmentation by the community. Following previous work [Ding

and C. Xu 2018; C.-Y. Chang et al. 2019; Jun Li et al. 2019; X. Chang et

al. 2021], we report three metrics: frame-wise accuracy (F-Acc), segment-wise

Intersection-over-Union (IoU) and Intersection-over-Detection (IoD). Please re-

fer to Appendix for more details.

We evaluate our method with both the zero-shot and finetune settings. In the

former case, our alignment network was only trained on HTM-370K, and directly

evaluated on Breakfast; while in the latter, we finetune our alignment network on

Breakfast with a soft-DTW loss [Cuturi and Blondel 2017] stacked on top of the

output alignment matrix for 50 epochs. During inference, the alignment network

takes as input a single video and the given list of action labels, i.e. crack egg’, ‘fry

egg’, etc, and outputs the alignment matrix A, which is passed through a DTW,

ending up with the action boundaries.

As shown in Table 7.2, in the zero-shot setting, our proposed alignment network

surpasses the strong baseline (MIL-NCE) by a large margin on all metrics (> 3%),

and even achieves comparable results to those supervised approaches. After fine-

tuning, we see a further performance boost, obtaining state-of-the-art results.

Text-based Video Retrieval on YouCook2. We evaluate the model for text-
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based video retrieval on the YouCook2 dataset. For this task, we pass each pre-

cropped video segment through the dual encoder, and take the visual features (venc)

from the Video Transformer Encoder. Also we pass the task description phrases

into the dual encoder and take the word2vec features. For each query text, we rank

the video segments based on cosine similarity among 3.5k candidates. Following

previous works [Miech et al. 2019; Miech et al. 2020], we report retrieval Recall

@{1,5,10} and Median Rank.

As shown in Table 7.3, under the zero-shot setting, where the proposed align-

ment network was only trained on HTM-370K, our model surpasses previous works

by a clear margin, especially on R@5, R@10 and Median R. Importantly, the re-

sults show that the co-training stage substantially improves the performance of the

dual encoder (R@1 20.1 vs 16.8), also our method surpasses the baseline method

MIL-NCE by a large margin (R@1 20.1 vs 15.1).

End-to-end Representation Learning. The output of the Temporal Alignment

Network can be used to clean-up (automatically align) long-video datasets. We use

model-H to automatically align the HTM dataset, and finetune the S3D-word2vec

backbone end-to-end with an Info-NCE loss on the auto-aligned text-video pairs

for only 10 epochs. We evaluate the visual representation by linear probing on

action classification, and find the auto-aligned HTM timestamps benefits the end-

to-end video representation. We refer the readers for more details in the Appendix.

Settings Backbone UCF101 HMDB51 K400
reported by [Miech et al. 2020] S3D 82.7 53.1 -
reproduce of [Miech et al. 2020] S3D 82.1 55.2 55.7

finetuned with TAN S3D 83.2 56.7 56.2

Table 7.4: Linear-probing action classification performance. We evaluate the
end-to-end trained visual representations on UCF101, HMDB51 and K400 by linear
probing (LP). We show the reported LP results from [Miech et al. 2020] (1st row), our
reproduction of LP results of the official S3D weights (2nd row), and our finetuned S3D
performance with auto-aligned HTM under the exact same setting (3rd row).

7.7 Conclusion
In summary, we introduce a temporal alignment network, with a co-training method

for denoising the instructional video datasets. To evaluate the alignment accu-

racy we introduce a new benchmark dataset with 10 hours of videos, with the

narrations manually aligned to corresponding video timestamp. When evaluat-
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ing on HTM-Align, Breakfast-Action, YouCook2, under zero-shot or finetune

settings, our model achieves state of the art results, surpassing multiple strong

baselines (MIL-NCE, CLIP). We also show the proposed method can clean-up

(by improving the alignment) large-scale public datasets and further improve the

visual-textual backbone representations.
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Chapter 8

AutoAD: Movie Description in

Context

The paper is a technical report presenting ongoing works, written in 2022.
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Abstract

The objective of this paper is an automatic Audio Description (AD)

model that ingests movies and outputs AD in text form. Generating high-

quality movie AD is challenging due to the dependency of the descriptions

on context, and the limited amount of training data available. In this work,

we leverage the power of pretrained foundation models, such as GPT and

CLIP, and only train a mapping network that bridges the two models for

visually-conditioned text generation. In order to obtain high-quality AD,

we make the following four contributions: (i) we incorporate context from

the movie clip, AD from previous clips, as well as the subtitles of the cur-

rent shot; (ii) we address the lack of training data by pretraining on large

scale datasets, where visual or contextual information are unavailable, e.g.

text-only AD without movies or visual captioning datasets without context;

(iii) we improve on the currently available AD datasets, by removing label

noise in the MAD dataset, and adding character naming information; and

(iv) we obtain strong results on the movie AD task compared with previous

methods.
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Subtitles: 
> Can I buy you a drink?
> Yeah I'd love one. Sit down.

Target AD: He takes the seat opposite, 
then places his lighter on the table

Context AD: 
As Karen stares groomly out of the window,  
a man approaches toying with a lighter. 
She turns her head, and finds Jack standing 
beside her.

Figure 8.1: Movie audio description (AD) consists of sentences describing movies
for the visually impaired. Note how it is heavily influenced by various types of context
- the visual frames, the previous AD, and the subtitles of the movie.

8.1 Introduction
That of all the arts, the most important for us is the cinema.

Vladimir Lenin

One of the long term aims of computer vision is to understand long-form fea-

ture films. There has been steady progress towards this aim with the identification

of characters by their face and voice [Bojanowski et al. 2013; A. Brown et al. 2021;

Everingham et al. 2006; M. Tapaswi et al. 2012; Q. Huang et al. 2018], the recog-

nition of their actions and inter-actions [Laptev et al. 2008; Marszałek et al. 2009;

Patron-Perez et al. 2010; Vondrick et al. 2016a], of their relationships [Kukleva

et al. 2020], and 3D pose [Pavlakos et al. 2022]. However, this is still a long way

away from story understanding. Movie Audio Description (AD), the narration

describing visual elements in movies, provides a means to evaluate current movie

understanding capabilities. AD was developed to aid visually impaired audiences,

and is typically generated by experienced annotators. The amount of AD on the

internet is growing due to more societal support for visually impaired communities

and its inclusion is becoming an emerging legal requirement.

AD differs from image or video captioning in several significant respects [Re-

search and Center 2013], bringing its own challenges. First, AD provides dense

descriptions of important visual elements over time. Second, AD is always provided

on a separate sound track to the original audio track and is highly complementary

to it. It is complementary in two ways: it does not need to provide descriptions
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of events that can be understood from the sound track alone (such as dialogue

and ambient sounds), and it is constrained in time to intervals that do not overlap

with the dialogue. Third, unlike dense video captioning, AD aims at storytelling;

therefore, it typically includes factors like a character’s name, emotion, and action

descriptions.

In this work, our objective is automatic AD generation – a model that takes

continuous movie clips as input and outputs AD in text form. This is a relatively

unexplored task in the vision community with previous work targeting ActivityNet

videos [Y. Wang et al. 2021], a very different domain to long-term feature films

with storylines, and the LSMDC challenge [A. Rohrbach et al. 2015].

As usual, one of the challenges holding back progress is the lack of suitable

training data. Paired image-text or video-text data that is available at scale,

such as alt-text [Radford et al. 2021; Sharma et al. 2018] or stock footage with

captions [Bain et al. 2021], does not generalize well to the movie domain [Bain

et al. 2022]. However, collecting high-quality data for movie understanding is

also difficult. Researchers have tried to hire human annotators to describe video

clips [X. Chen et al. 2015; J. Xu et al. 2016; Krishna et al. 2017b] but this does

not scale well. Movie scripts, books and plots have also been used as learning

signals [Bojanowski et al. 2013; Sigurdsson et al. 2016; Y. Zhu et al. 2015] but

they do not ground on vision closely and are limited in number.

In this paper we address the AD and training data challenges by – Spoiler

Alert – developing a model that uses temporal context together with a visually

conditioned generative language model, while providing new and cleaner sources

of training data. To achieve this, we leverage the strength of large-scale language

models (LLMs), like GPT [Radford et al. 2019], and vision-language models, like

CLIP [Radford et al. 2021], and integrate them into a video captioning pipeline

that can be effectively trained with AD data.

Our contributions are the following: (i) inspired by ClipCap [Mokady et al.

2021] we propose a model that is effectively able to leverage both temporal context

(from previously generated AD) and dialogue context (in particular the names of

characters) to improve AD generation. This is done by bridging foundation models

with lightweight adapters to integrate both types of context; (ii) we address the

lack of large-scale training data for AD by pretraining components of our model on

partially missing data which are typically available in large quantities e.g. text-only
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AD without movie frames, or visual captioning datasets without multiple sentences

as context; (iii) we propose an automatic pipeline for collecting AD narrations at

scale using speaker-based separation; and finally (iv) we show promising results

on automatic AD, as seen from both qualitative and quantitative evaluations – in

doing so, we achieve impressive zero-shot results on the LSMDC multi-description

benchmark comparable to the finetuned state-of-the-art.

8.2 Related Works

Image Captioning. Image captioning is a long-standing problem in computer

vision [X. Chen and Zitnick 2014; Donahue et al. 2015; Karpathy and Fei-Fei 2015;

Kiros et al. 2014; Lu et al. 2018; Anderson et al. 2018; X. Chen et al. 2015]. Early

pioneering works learn to associate images and words within a limited vocabulary

and a set of images [Barnard and Forsyth 2001; Barnard et al. 2003; Lavrenko et

al. 2003]. Large-scale image captioning datasets have been collected by scraping

images from the internet and their corresponding alt-texts with quality filters

as a post-processing [Sharma et al. 2018]. In doing so, strong joint image-text

representations can be learned [Radford et al. 2021], and image captioning from

raw pixels, with impressive results [J. Yu et al. 2022; Junnan Li et al. 2022]. Recent

work [Mokady et al. 2021; Nukrai et al. 2022] learns a bridge between strong joint

image-text representations (CLIP) and the natural language representation (GPT-

2) for image captioning, obtaining promising results that generalise well across

domains. In this work, we extend this approach to perform automatic AD from

videos.

Video Captioning. Video captioning presents additional challenges due to the

lack of quality large-scale video-text data and increased complexity from the tem-

poral axis. Early video caption datasets [D. Chen and Dolan 2011; J. Xu et al.

2016] adopt manual annotations, a far from scalable collection method. ASR

(automated speech recognition) from YouTube instructional videos is collected at

scale for video-language datasets [Miech et al. 2019], but contains high levels of

noise due to the weak correspondence between the narration and visual content.

VideoCC [Nagrani et al. 2022] transfers captions from images to videos, but this

method is still limited by the existing seed image captioning dataset used. Earlier

video captioning models lack generalisation capabilities due to limited training
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data [Venugopalan et al. 2015; Park et al. 2019]. Some recent methods [Seo et al.

2022; G. Huang et al. 2020; H. Luo et al. 2020] train on ASR from the HowTo100M

dataset, while others expand image-text representations [M. Tang et al. 2021] to

multiple frames.

A task more related to AD is that of dense video captioning [Krishna et al.

2017a], which involves producing a number of captions and their corresponding

grounded timestamps in the video. To enrich inter-task interactions, recent works

for this task [Chadha et al. 2021; S. Chen and Y.-G. Jiang 2021; C. Deng et al.

2021; Yehao Li et al. 2018; Mun et al. 2019; Rahman et al. 2019; Shen et al. 2017;

Shi et al. 2019; Jingwen Wang et al. 2018; T. Wang et al. 2021; L. Zhou et al.

2018b] jointly train both a captioning and localization module. Our task differs

in that the captions are: made with the intent to aid storytelling; specific to the

movie domain; and complementary to the audio track.

Visual Storytelling. Most similar in vein to the AD task is visual storytelling [T.-H.

Huang et al. 2016; Junnan Li et al. 2020; Ravi et al. 2021], in which the goal is to

generate coherent sentences for a sequence of video clips or images. LSMDC [A.

Rohrbach et al. 2017] proposes the multi-description task of generating captions

for a set of clips from a movie, with character names anonymized. In contrast,

movie AD takes as input a continuous long video and describes the visual hap-

penings complementary to the story, characters, dialogue and audio. Most similar

to our model is TPAM [Y. Yu et al. 2021] which prompts a frozen GPT-2 with

local visual features. Ours differs in that: (i) it is not restricted to local visual

context but rather global by recurrently conditioning on previous outputs; and (ii)

we additionally pretrain GPT on in-domain text-only AD data.

Movie Understanding. Previous works investigate storyline understanding by

aligning movies to additional data sources such as plots [Xiong et al. 2019; Y.

Sun et al. 2022], books [Makarand Tapaswi et al. 2015a; Y. Zhu et al. 2015],

scripts [Papalampidi et al. 2019], and YouTube summaries [Bain et al. 2020]. How-

ever, these sources are limited in number and often do not closely relate to the

visual elements in the frame. Using existing movie AD as the data source for

videos is an emergent direction for movie understanding. LSMDC [A. Rohrbach

et al. 2015], M-VAD dataset [Torabi et al. 2015] and MPII-MD [A. Rohrbach et al.

2015], gather AD and scripts from movies to provide captions for short video clips,

several seconds in duration. QuerYD [Oncescu et al. 2021] provides high-quality
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Transformer Encoder

AD context

- A man approaches toying 
with a lighter.

- She turns her head, and finds 
Jack standing beside her.

Subtitle context

> Can I buy you a drink?

> Yeah I'd love one. Sit down.

[BAD] [EAD] [BSub] [ESub] [he][takes][the][BOS]

❄GPT

[he][takes][the][seat] [EOS]

visual tokens

frame features

[A] [man] ... [Can][I] ... ...[seat][opposite]

❄CLIP

visual tokens

frame features

learnable vectors

(a) (b)

[buy]

Figure 8.2: (a) Overview of AutoAD: AutoAD consists of a frozen visual encoder
(CLIP) and a frozen LLM (GPT) for generating captions. We introduce a lightweight
mapping network to map CLIP features into visual tokens, which are then combined
with previous AD context and subtitle context, before being fed into the GPT model.
MV refers to the visual mapping network, [B∗] and [E∗] denote the learnable special
tokens for contextual AD and subtitle sequences. (b) Detail of the visual mapping
network: A transformer encoder takes as input multiple frame features and outputs a
few visual tokens which are further feed to a text generation model.

textual descriptions for longer videos by scraping AD from YouDescribe [Research

and Center 2013], an online community of AD contributors. Recently, the MAD

dataset [Soldan et al. 2022] collects movie AD at scale to provide dense textual

annotations for movies with the focus on visual grounding task.

Prompt Tuning and Adapters. Originally for language modelling, prompt

tuning is a lightweight approach to adapt a pretrained model to perform a down-

stream task. Early works [T. Brown et al. 2020; Lester et al. 2021; X. L. Li and

P. Liang 2021; Ju et al. 2022] learn prompt vectors that are shared within the

targeted dataset and task. A similar line of works to ours is visual-conditioned

prompt tuning, in which the prompt vectors are conditioned on the visual inputs.

Visual-conditioned prompts are used for adapting pretrained image-language mod-

els [Bahng et al. 2022; M. Jia et al. 2022], and for few-shot learning [Tsimpoukelli

et al. 2021; Alayrac et al. 2022]. Training lightweight feature adapters between

pretrained vision and text encoders is another approach to adapt pretrained mod-

els [P. Gao et al. 2021; Renrui Zhang et al. 2021]. The adapter layers can also be

inserted into the pretrained language model in an interleaved way [A. Yang et al.

2022]. Our work adopts prompt tuning in order to condition a language generation

model on visual information (frames), and textual context (subtitles and previous

AD).
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8.3 Method

Given a long-form movie V segmented into multiple short clips {x1,x2, ...,xT},

our goal is to generate the audio description (AD) in text form for every movie

clip. Specifically, for the i-th movie clip consisting of multiple frames xi =

{I1, I2, ..., IN}, we aim to produce text Ti that describes the visual elements in

such a way that helps the visually impaired follow the story line. To this purpose,

an ideal AD generation system must be able to exploit the full contextual infor-

mation leading up to the i-th movie clip. One method for this, which we adopt, is

to use previous AD Tt<i and subtitles St≤i to generate the text Ti. In the following

sections, we first give an overview of our visual captioning pipeline with prompt

tuning (Sec. 8.3.1), followed by our contextual components (Sec. 8.3.2), and finally

the pretraining methods with partial data (Sec. 8.3.3).

8.3.1 Visual Captioning with Prompt Tuning

In order to describe our method, we first present the typical pipeline for an image

captioning model, and then detail how we extend this to ingest multiple frames

and additional text context. Given an image-caption pair {Ii, Ci}, where the cap-

tion consists of a sequence of language tokens Ci = {c1, c2, ..., ck}, the standard

objective of an image captioning model is to generate text tokens Ĉi that are close

to the target Ci. Technically, the captioning models are trained to maximize the

joint probability of predicting the ground-truth language tokens, or equivalently

minimize the following negative log-likelihood (NLL) loss,

LNLL = −log pθ(Ci|hIi
) = −log pθ(c1, c2, ..., ck|hIi

)

where θ denotes the parameters of the model, and hIi
denotes the extracted image

features of Ii. Previous works like ClipCap [Mokady et al. 2021] fit a powerful text

generation model and visual encoding model into this image captioning pipeline.

Specifically, strong visual encoding models, such as CLIP [Radford et al. 2021],

are used to extract the visual features from the input image zi = fCLIP(Ii), then a

visual mapping networkMV is trained to map the visual features to ‘prompt vec-

tors’ that adapt to the text generation model, hIi
=MV(zi). Finally these prompt

vectors hIi
are fed to a pretrained text generation model, such as GPT [Radford et
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al. 2019], for the captioning task. We adapt this visual captioning pipeline, which

uses pretrained feature extractor CLIP and langauge model GPT, for movie AD

generation and propose key components that support contextual understanding.

8.3.2 Benefiting from Temporal Context

Here, we describe how we extend this single-frame captioning model to include

different forms of context, including multiple frames, previous AD text, and sub-

titles. Compared to image captioning where the annotation describes ‘what is

in the image’, movie AD describes the visual happenings in the scene that are

relevant to the broader story – often centered around events, characters and the

interactions between them. Factors like these cannot be accurately described from

a static image alone and therefore a successful automatic AD system must utilize

the context of prior events and character interactions.

To tackle these temporal dependencies, we propose to include three components

to incorporate the essential contextual information from movies: (i) immediate

visual context in the current movie shot (multiple frames), (ii) the previous movie

AD, and (iii) the movie subtitles. The architecture of our model is shown in

Fig. 8.2.

Multiple frames (immediate visual context). In contrast to the image cap-

tioning method, the visual mapping network MV takes as input multiple frame

features from the current movie shot xi rather than a single image feature, and

outputs prompt vectors for the movie shot,

hxi
=MV({z1, ..., zN}); zi = fCLIP(Ii).

In detail, the mapping network consists of a multi-layer transformer encoder that

enables modelling temporal relations among multiple frame features, as shown in

Fig 8.2.

Previous AD text. The sequence of events leading up to the present contain

contextual information which are crucial for generating AD of current scene that

helps the viewer follow the story. We input this contextual knowledge to our model

in the form of the past ADs. Specifically, our model takes the past K movie ADs

{Ti−K , ..., Ti−1} to generate the AD for the current shot. The past movie ADs are a

few sentences, which are first concatenated into a single paragraph, then tokenized
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and converted to a sequence of word embeddings. Inspired by the design of special

tokens in language models, we wrap the context AD embeddings with learnable

special tokens to indicate the beginning and end of the AD sequence. Formally,

the contextual AD embedding is a sequence,

hAD = [BAD; hTi−K
; ...; hTi−1 ; EAD], (8.1)

where BAD and EAD are the learnable special tokens indicating the beginning and

end, the symbol ‘;’ denotes concatenation, and hTj
∈ Rn×C denotes the word

embedding of the j-th movie ADs.

Previous subtitles. Our model also takes the movie subtitles as additional con-

textual information, which can be sourced either from the official movie metadata

or automatically transcribed with an ASR model. The character dialogues, con-

tained with the subtitles, provide complementary information to movie description,

including the character names, relationships and emotions. Similar to the context

ADs, we concatenate multiple subtitle sentences into a single paragraph and wrap

them with learnable special tokens. Practically, since the timing of movie AD does

not overlap with the subtitles, we take the most recent L subtitles within a certain

time range as the context,

hSub = [BSub; hSi−L
; ...; hSi−1 ; ESub].

Due to the weak correlation between the subtitles and the visual elements in the

scene, we also experiment with a variant that only encodes the character names

occurring in the recent subtitles.

Summary. Overall, the movie AD for the current shot Txi
is generated by condi-

tioning on all the previously described visual and contextual information using a

pretrained GPT. The conditional information is fed to GPT as prompt vectors as

shown in Fig. 8.2. The model is trained with NLL loss,

LNLL = −log pΘ(Txi
|hxi

,hAD,hSub). (8.2)

During training, we input the ground-truth past AD. During inference, we ex-

periment with two methods to incorporate the past AD: an oracle setting where
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Manual Verification*
She stands and the little warrior takes in
her size, about twice his own.

As she steps past him, he
defensively grips his spear

Leia sits on a moss covered
log.

MAD-v1[Soldan et al.] Angola, she stands in the Little Warrior,
takes in her size about twice his own.

As she steps past me. De-
fensively grips his spear.

I’m not gon na. Leah sits on
a Moss covered log.

MAD-v2 (ours) She stands and the little warrior takes in
her size about twice his own.

As she steps past him, he
defensively grips his spear.

Leia sits on a moss-covered
log.

Figure 8.3: Qualitative comparison of MAD annotations. We compare the origi-
nal MAD-v1 [Soldan et al. 2022] and our proposed MAD-v2. Note MAD-v1’s erroneous
transcriptions of AD and dialogue leakage (highlighted in red text). The samples are
taken from Star Wars VI: Return of the Jedi (1983) [Marquand 1983]. *We verify this
example by manually transcribing the AD narration from the audio track.

the ground-truth past ADs are used in Eq. 8.2 to generate the current AD, and a

recurrent setting where the predicted past ADs are used instead.

8.3.3 Pretraining with Partial Data

A major challenge for generating AD is the lack of training data, since the model

requires the corresponding visual, textual and contextual data to all be jointly

trained. However since our model is modular, components of it can be pretrained

with partial data – when a certain type of data is missing, the remaining mod-

ules can still be trained. We experiment with partial-data pretraining under two

settings: visual-only pretraining and AD-only pretraining.

Visual-only Pretraining. In the absence of contextual data, the visual mapping

network can be pretrained with the abundant image captioning or (short) video

captioning datasets. In this case, the context modules (both contextual AD and

subtitles) are deactivated. The training objective of Eq. 8.2 is turned into L =

−log pΘ(Txi
|hxi

) for visual-only pretraining. Note that the langauge model is kept

frozen here since we find image/video captioning datasets have a clear domain gap

with movie AD in both the vision and text modalities.

AD-only Pretraining. Movie AD datasets with corresponding visual informa-

tion (e.g. frames or frame features) are limited at scale due to potential copyright

issues. However, abundant text-only movie ADs are available online as described

in Sec. 8.5. In the absence of visual data, the contextual AD module and the

language model can still be pretrained. The training objective in this case be-

comes L = −log pΘ(Txi
|hAD), which is similar to training a story completion ob-

jective [Mostafazadeh et al. 2016] by finetuning GPT on text-only movie AD data
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but with a few additional special tokens. This text-only movie AD pretraining is

also related to [Gururangan et al. 2020], which shows a second stage of language

model pretraining on in-domain data improves downstream performance.

8.4 Denoising MAD Dataset

Our main objective is to generate movie audio descriptions. For this goal, the

model is trained on the MAD training set [Soldan et al. 2022], a dataset of AD

caption-video clip pairs from 488 movies. MAD provides the video data in the

form of CLIP visual features in order to avoid copyright restrictions. The AD

annotations for each movie are automatically collected from AudioVault1, a large

open-source database of audio files containing the full-length original movie track

mixed with the AD narrator’s voice. The MAD authors transcribe this data using

ASR, and also have access to the official DVD subtitles. Their automated method

then uses text-based speaker separation of the transcribed audio by using subtitles

to know when dialogue is present, and assuming all other speech is AD.

This however introduces significant noise because: (i) they use an outdated

ASR model resulting in erroneous transcriptions; and (ii) official DVD subtitles

are not exhaustive of all speech in the movie and thus such a method frequently

misidentifies character dialogue as AD narration, thereby introducing substantial

noise to the annotations (an example is provided in Fig. 8.3). Further, obtaining

official subtitles from DVDs presents additional challenges when collecting this

data at scale.

We propose an improved automated data collection method for AD, requiring

only the audio track as input (no DVD subtitles), that tackles both of these issues

by using audio-based speaker separation and an improved ASR model. We then use

this method to collect improved annotations for the MAD dataset. Briefly, taking

the mixed audio containing both AD narrations and original movie sound track

as input, our automated AD collection pipeline contains four stages: (1) speaker

diarization [Bredin et al. 2020; Bredin and Laurent 2021] to segment the temporal

boundaries of speech and assign speaker IDs to each segment via clustering; (2)

speech-to-text with OpenAI’s whisper [Radford et al. 2022] – an advanced ASR

model; (3) labelling the speaker ID of the AD narrator by selecting the cluster with
1https://audiovault.net
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Dataset Total
movies

Total
duration (hrs)

Total AD
captions Subtitles Visual

Features

QueryD [Oncescu et al. 2021] - 207 31K 7 3

LSMDC [A. Rohrbach et al. 2017] 200 147 128K 7 3

MAD-v1 [Soldan et al. 2022] 488 892 280K 3 3

MAD-v2 (ours) 488 892 264K 3 3

AudioVault (ours) 7,057 12,510 3.3M 3 7

Table 8.1: Statistics of Audio Description datasets. We report relevant statistics
to compare our MAD-v2 and Audiovault datasets.

the lowest proportion of first-person pronouns (e.g. ‘I’ and ‘we’); and finally (4)

synchronization of the segment timestamps with the visual features by comparing

audio. Further details are in the Appendix.

Henceforth we refer to the original MAD annotation [Soldan et al. 2022] as

MAD-v1 and our new denoised annotations as MAD-v2. A qualitative com-

parison is shown in Fig. 8.5, we find that our MAD-v2 is much more robust and

contains less errors and less character dialogue leakage. Both LSMDC and MAD-

v1 post-process their annotations by replacing character names in the annotations

with ‘someone’ via entity recognition, and release both variants of annotations

which we refer to as Named and Unnamed. Similarly, we propose two variants of

our denoised annotations:

MAD-v2-Named: This version contains the raw collected AD narrations without

any post-processing on the character names.

MAD-v2-Unnamed: Following the character name anonymisation performed in

early works, we identify character names using a Named Entity Recognition (NER)

model [Polle n.d.] and replace them with ‘someone’.

8.5 Partial Pretraining with AudioVault Dataset

Paired AD and corresponding visual data are difficult to obtain especially due to

movie copyrights, whereas a large number of movie ADs audio tracks are available

online for free (e.g. AudioVault). To demonstrate the effect of partial pretraining

in Sec. 8.3.3, we collect a large-scale text-only movie AD dataset from AudioVault.

In detail, we source mixed audio files from over 7,000 movies from AudioVault

that are not included in MAD-v1, and use a similar denoising pipeline described

in Sec. 8.4 to obtain the movie ADs (detailed in Appendix). Additionally we

obtain a proxy for the movie subtitles by assuming the ASR from all the non-AD
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speakers are the characters’ dialogues. To ensure no test-time leakage, we remove

all movies present in either LSMDC or MAD from the dataset.

Overall, our AudioVault dataset is an order of magnitude greater than prior

AD datasets (see Table 8.1), from which we provide two sets of data:

AudioVault-AD. The AD narrations from AudioVault and their corresponding

timestamps within each movie, totalling 3.3 million AD utterances.

AudioVault-Sub. The subtitles data from AudioVault and their corresponding

timestamps within each movie, totalling 8.7 million subtitle utterances.

Both our MAD-v2 and AudioVault datasets will be released publicy.

8.6 Experiments

In this section we first outline the experimental details for the AD task, the datasets

used for training & testing, the architectural details, and the evaluation metrics

(Sec. 8.6.1). We then report results and discuss the findings on the aforemen-

tioned evaluations, perform ablations on our model, and compare to prior works

(Sec. 8.6.2).

8.6.1 Implementation Details

Dataset

Training Dataset. CC3M (Conceptual Caption) [Sharma et al. 2018] is a large

image alt-text dataset that contains 3.3M web images. WebVid [Bain et al. 2021]

is a large video-caption dataset that contains 2.5M short stock footage videos. We

use them for the partial-data pretraining for visual modules. Additionally, we use

our AudioVault-AD to pretrain the textual modules, as described in Sec. 8.3.3.

For the main Movie AD task, we train with original MAD-v1 and our cleaned

version MAD-v2, detailed in Sec. 8.4.

Test Dataset. LSMDC [A. Rohrbach et al. 2015] contains 118K short video

clips with descriptions from 202 movies, in which 182 of them are public. The

original MAD-val&test split inherits LSMDC annotations after filtering out 20

lower-quality movies, resulting in 162 movies from all the LSMDC train/val/test

splits. However, training models with LSMDC train/val is a standard practice

used by other works. In order to facilitate future evaluation on movie AD task, we

propose an evaluation split that excludes LSMDC train/val movies from these 162
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movies, which gives an evaluation set containing 13 movies, refered as MAD-eval

henceforth. Similarly, we use both MAD-eval-Named and MAD-eval-Unnamed

versions. The ‘Unnamed’ version corresponds to standard LSMDC annotation

style – where the characters’ titles and names in the descriptions are replaced by

the word ‘someone’; the ‘Named’ version is constructed from the original character

names provided by LSMDC. Additionally, subtitles are not provided with MAD

val/test or LSMDC, so we transcribe them from the full length audio tracks using

whisper.

Architecture

For visual features, we use the CLIP ViT-B-32 model [Radford et al. 2021],

which is a 12-layer transformer encoder that outputs 1 × 512 feature vectors for

each input frames. These features are provided by the MAD dataset. For visual

mapping network, we use a 2-layer transformer encoder with 8 attention heads

and a 512 hidden dimensions, followed by a linear projection layer that projects

512-d features into 768-d. We use ten prompt vectors. For language model, we

use GPT-2 [Radford et al. 2019], specifically the version from HuggingFace. The

GPT-2 model takes as input 768-d token embeddings, passes through a 12-layer

transformer encoder with a causal attention map, and outputs the next token

embedding for every input token. We limit the generated number of tokens at 36,

since most movie ADs are less than 36 tokens. The GPT-2 is frozen in most of our

experiments unless otherwise stated. Each special token (e.g. BAD) is a learnable

768-d vector. We take at most 64 past AD tokens and 32 subtitle tokens, and

short text samples are padded. Specifically for subtitles, we take the most recent

four dialogues within a one minute time window.

Training and Inference Details

On the MAD-v1 and MAD-v2 datasets, we use a batch size of 8 sequences, each

of which contains 16 consecutive video-AD pairs from a movie. Overall that gives

us 8× 16 video-AD pairs for every batch. From each video clip, 8 frame features

are uniformly sampled. By default, the model is trained for 10 epochs. One epoch

means the model has seen all the audio descriptions once. Additional implemen-

tation details are in the Appendix.
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Figure 8.4: Effect of the length of context AD. We use the model ‘V+AD’
in Table 8.2, and train with different number of past AD sentences. ‘scratch’
indicates no partial-data pretraining; ‘pretrained’ refers to pretraining with text-
only AudioVault-AD.

We use the AdamW optimizer [Ilya Loshchilov 2019] and a cosine-decay learning

rate schedule with a linear warm-up. The starting learning rate is 10−4 and is

decayed to 0. For each experiment, we use a single Nvidia A-40 for training.

For text generation, greedy search and beam search are commonly used sampling

methods. We stop the text generation as long as a full stop mark is predicted,

otherwise we limit the sequence length to 67 tokens. We use beam search with a

beam size of 5 and mainly report results by the top-1 beam-searched outputs, since

beam search performs slightly better than greedy search on multiple scenarios.

Note that under the ‘recurrent’ setting, we feed the past greedy-searched text

outputs to the model to generate the current AD, which we find gives more stable

results.

Evaluation Metrics

To evaluate the quality of text generation compared to the ground-truth, we use

classic metrics including ROUGE-L [C.-Y. Lin 2004] (R-L), CIDEr [Vedantam et

al. 2015] (C) and SPICE [Anderson et al. 2016] (S). We also report BertScore [T.

Zhang et al. 2020] (BertS), which evaluates word matching between candidate

sentence and reference sentence with pretrained BERT embeddings. A higher

value indicates a better text generation compared with the ground-truth.
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Temporal
Context

Partial Data
Pretrain R-L C S BertS

None (1 frame) None 7.1 4.0 1.0 13.2

V (8 frames) None 9.3 6.7 2.4 15.6
CC3M [Sharma et al. 2018] 9.9 8.4 2.4 16.8
WV [Bain et al. 2021] 9.9 10.0 2.0 17.3

V+AD None 11.8 (13.3) 13.7 (17.8) 5.6 (5.8) 18.8 (22.1)
AV-AD 13.0 (13.9) 18.1 (19.0) 4.7 (4.8) 22.9 (23.7)
WV, AV-AD 12.7 (13.9) 18.5 (21.9) 4.3 (4.8) 24.2 (23.8)

V+AD+Sub WV, AV-AD 12.9 16.1 4.9 22.2
V+AD+SubN* WV, AV-AD 13.4 17.0 5.3 23.6

Table 8.2: Ablative experiments of our AD captioning method. We ablate
our model with different types of temporal context and partial pretraining. All
models are trained on MAD-v2-named and evaluated on MAD-eval-named. For
models with AD context we report recurrent results with oracle in parentheses.
‘V’ refers to visual context by taking multi-frame inputs, ‘WV’ refers to Web-
Vid2M dataset, ‘AV-AD’ here refers to our partial-data pretraining with text-only
AudioVault-AD dataset. *‘SubN’ denotes the variant of subtitle module that only
takes names as input.

MAD
Train Set

MAD-eval-Unnamed MAD-eval-Named

R-L C S BertS R-L C S BertS

v1 Unnamed 15.1 12.7 9.5 22.4 12.7 15.9 4.7 22.0
Named 11.3 10.9 3.0 24.0 12.8 17.0 5.2 21.8

v2 Unnamed 15.9 14.5 10.5 26.7 12.9 18.0 4.7 22.0
Named 11.4 10.0 3.1 22.5 13.3 17.8 5.8 22.1

Table 8.3: Effect of denoising MAD training data annotation. We train a model
with 6 contextual ADs on MAD-v1 [Soldan et al. 2022] or MAD-v2 sources without any
pretraining. The model is evaluated on both the named and unnamed versions of MAD-
eval under the oracle setting. Cross-domain testing results (when the model is trained
and tested on different types of annotations) are provided for reference and marked in
gray.

Methods Pretraining Data R-L C S BertS

ClipCap [Mokady et al. 2021] CC3M 8.5 4.4 1.1 11.8
CapDec* [Nukrai et al. 2022] AV-AD 8.2 6.7 1.4 14.3

AutoAD (ours) AV-AD 13.0 18.1 4.7 22.9
AutoAD (ours) AV-AD & WebVid 12.7 18.5 4.3 24.2

Table 8.4: Compared with other works on movie AD generation task on MAD-v2.
We obtain results from other methods by finetuning their models on MAD-v2-
Named dataset, and evaluated on MAD-eval-Named. *CapDec [Nukrai et al. 2022]
proposes text-only pretraining to adapt the style for text generation, we pretrained
their model on the text-only AudioVault-AD dataset then applied it to MAD-v2.
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Methods Paired Training Data C M

Baseline [Park et al. 2019] LSMDC 11.9 8.3
TAPM [Y. Yu et al. 2021] LSMDC 15.4 8.4

AutoAD (ours) MAD-v2-Unnamed 16.7 7.4
AutoAD (ours) MAD-v2-Unnamed & LSMDC 17.5 7.5

Table 8.5: Results on the LSMDC 2019 Multi-Sentence Description public
test set. We report our method with different amounts of training data and without
subtitles for comparison under similar settings. Official challenge metrics (CIDEr and
METEOR) are reported with the ‘sentence’ setting as described in [A. Rohrbach et al.
2015; Y. Yu et al. 2021].

Context AD: Lovejoy walks alongside Jack and 
slips the heart of the ocean into Jack’s coat 
pocket...The steward removes Jack’s coat, while the 
master-at-arms frisks him.
GT: The steward pulls the necklace from the pocket.
Pred-oracle: The master-at-arms holds up the heart 
of the ocean coat.
Pred-recurrent: He takes the necklace and puts it in 
his pocket.

Context AD: ...The master-at-arms carts Jack 
away. In the chartroom, Andrews unrolls the 
ship's blueprint.
GT: Andrews Smith and others study the 
blueprint.
Pred-oracle: The master-at-arms draws a 
diagram of the ship.
Pred-recurrent: They look at the map.

Context AD: Smith writes coordinates. 
Smith hands the message to dark-haired Jack 
Phillips. Smith takes off his hat and glances 
at the door.
GT: Slack-jawed, Phillips stares at Smith.
Pred-oracle: The steward glances at him, 
then looks away.
Pred-recurrent: He looks at him.

Figure 8.5: Qualitative examples of automatically generated AD by AutoAD.
We highlight AD predictions under both the oracle and recurrent settings. Previous AD
context is shown in gray. For ease of visualisation, a single frame from each movie clip is
shown with subtitles overlaid. Samples are taken from Titanic (1997) [Cameron 1997].

8.6.2 Experiments on Movie Audio Descriptions

Effect of Temporal Context. In Table 8.2 we show that visual context from

the nearby frames brings a clear gain for the AD task (C 6.7 vs 4.0). AD con-

text provides a consistent performance improvement under both oracle (C 17.8 vs

6.7) and recurrent settings (C 13.7 vs 6.7). Note that we find feeding AD context

as text tokens works better than training a textual feature mapping network, we

conjecture the ADs in their original text form carry the most key information like

the names and places. However, subtitle context provides no gain for our model

(C 16.1 vs 18.1) under the recurrent setting, which we attribute to the very weak

correspondence between the visual elements in the scene and the character dia-

logue. When the subtitles are filtered and contain only character names (denoted

as ‘SubN’), they provide a slight performance gain (R-L 13.4 vs 13.0, S 5.3 vs

4.7). Since the subtitles used are without speaker identities, the model may strug-

gle to know which character in the frame spoke each subtitle. Overcoming these

challenges will be considered in future work.
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Effect of MAD data cleaning. Table 8.3 demonstrates the benefit of our pro-

posed MAV v2 annotations over v1, confirming the qualitative findings. Training

the AD model with context on v2 outperforms training on v1 under all settings

(both named and unnamed) by a significant margin. Since the v2 annotations are

fewer in number than MAD-v1, this suggests they are indeed less noisy and result

in AD captioning models with improved performance.

Effect of pretraining with partial data. In Table 8.2, we find that visual-

only pretraining on open-domain vision-text data provides clear gains (CIDEr

8.4 vs 6.7 for CC3M, and 10.0 vs 6.7 for WebVid). But considering the size of vi-

sual samples, the improvement is not data-efficient. We attribute this to the large

domain gap between movie AD and classical visual caption annotations like CC3M

or WebVid2M. The text-only pretraining of our model improves performance

significantly. For the recurrent AD context model, AudioVault-AD pretraining

increases CIDEr by a relative 32% (from 13.7 to 18.1), reaching comparable per-

formance to oracle AD context without pretraining. These results indicate the

greater importance of adapting to the text style and context over adapting the

visual features. The combination of the visual module after visual-only pretrain-

ing (WebVid) and the textual modules after text-only pretraining (AV-AD) gives

further performance gain (C 21.9 vs 19.0 for the oracle setting and 18.5 vs 18.1 for

recurrent).

Length of Context. In Figure 8.4 we show the effect of varying the amount of

context AD that is given to the model. Longer AD context improves performance

almost consistently across all settings. Note that we experiment at most 6 contex-

tual AD sentences, which is equivalent to about 70 word embeddings in Eq. 8.1.

The trend suggests longer contextual AD would further improve performance but

brings extra computational cost due to the quadratic complexity of the attention

operation in GPT-2.

Qualitative Results

Fig. 8.5 shows qualitative examples of our model. Under the oracle setting, the

model can use the character identities easily from the past ground-truth AD
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(e.g. master-at-arms), whereas under the recurrent setting, the model can only

learn names from the noisy subtitles, therefore it currently mostly predicts pro-

nouns (e.g. “he”, “they”) but still gets the actions (“looks”) or objects (“necklace”)

correct.

8.6.3 Comparison with Other Works

In Table 8.4, we compare our method with previous visual captioning methods.

Note that since the MAD dataset only releases the CLIP visual features, rather

than the movie frames, our comparison is limited to methods that build on frozen

CLIP features. We show a clear performance improvement compared to Clip-

Cap [Mokady et al. 2021] and CapDec [Nukrai et al. 2022], for the latter the

language model is also adapted to the movie AD domain by text-only pretraining.

The results highlight the importance of context for movie AD.

In Table 8.5, we adapt our method to the Multi-Sentence Description task

on LSMDC, in which the model takes five consecutive clips and generates five

corresponding descriptions. Since the task is performed on the unnamed annota-

tions, we finetune our best model in Table 8.4 with varying 0-4 context ADs as

input on MAD-v2-Unnamed dataset and test with the recurrent setting. To make

minimal changes, our model still takes a single clip feature at each step, whereas

previous method takes all five clips together for movie description. Despite this

disadvantage, we obtain competitive results on this task even without using the

manually-cleaned LSMDC training set (C 16.7 vs 15.3), effectively zero-shot. The

performance of the model can be further improved by additionally training on

LSMDC data.

8.7 Conclusion and Future Work

This paper focuses on the automatic generation of movie AD and has made sig-

nificant progress. We propose our AutoAD pipeline that incorporates contextual

information. Additionally, we demonstrate the effectiveness of partial-data pre-

training, a technique that could be widely applicable when full data is difficult to

obtain. Further, we clean up the previous MAD dataset and collect a new text-

only movie AD dataset as a pretraining resource. We note that automatic movie
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AD is challenging and still far from being solved. Future work could incorporate

global context of the full movie as well as utilizing the complementary information

between AD and the movie audio track.

Statement of authorship

A statement of authorship for this paper is provided in Appendix A.
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Chapter 9

Discussion

In this chapter, we first summarise the achievements and the impact of the pre-

sented works in this thesis (Section 9.1), and then briefly suggest directions for

future works (Section 9.2).

9.1 Achievement and Impact

Dense Predictive Coding. In Chapter 2, we introduce the paper “Video Rep-

resentation Learning by Dense Predictive Coding” (DPC), which is one of the

pioneering works that apply contrastive loss on large-scale video representation

learning. In the paper, the contrastive loss is applied on a large number of spatio-

temporal features across a batch of videos, and we find a large number of features is

beneficial for contrastive learning since it supplies informative hard negative sam-

ples for the learning process. Later, the benefit of large-batch contrastive learning

was confirmed and scaled up on image tasks in the MoCo [K. He et al. 2020]

and SimCLR [T. Chen et al. 2020] with industry-scale resources. Our early in-

vestigation of hard negative samples in contrastive learning influenced later works

that pursue efficient contrastive learning signals, including our CoCLR paper [Han

et al. 2020b] and other works [Yonglong Tian et al. 2020b; Afouras et al. 2020;

Jabri et al. 2020]. The task of predicting future videos inspired other works that

search for learning signals from the time axis of videos [Benaim et al. 2020; Jian-

gliu Wang et al. 2020] and use the video predictive task to detect unintentional

actions [Epstein et al. 2020].

In Chapter 3, we introduce the work “Memory-augmented Dense Predictive

Coding for Video Representation Learning” (MemDPC), which investigates the
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multiple hypotheses problem of the future prediction task. A subsequent work [Surís

et al. 2021] tackles future uncertainty by predicting future features in the hy-

perbolic space. Note that our public codebase is used to develop their models.

Additionally, we propose to use a non-linear classification head to evaluate the

feature quality rather than a commonly-used linear classifier, which was recently

popularised by MAE paper [K. He et al. 2022].

The paper DPC (Chapter 2) and MemDPC (Chapter 3) are jointly cited more

than 400 times. They often appear in the comparison tables of video SSL meth-

ods, serving as standard baselines of contrastive learning in video domains. The

open-sourced GitHub codebase also gets more than 400 stars, providing a reliable

reference for future research.

Self-supervised Co-Training. In Chapter 4, we introduce the work “Self-

supervised Co-Training for Video Representation Learning” (CoCLR), which pro-

poses to use complementary modalities to teach each other for hard sample mining

under a contrastive loss. Although our CoCLR experiments with RGB and opti-

cal flow modalities, our method is universal to be applied to any complementary

modalities. Indeed, CoCLR influences subsequent works that learn from visual and

audio [Morgado et al. 2021; Patrick et al. 2020], visual and text [Ge et al. 2022;

Qian et al. 2022b], or more than two modalities [Gurram et al. n.d.]. In [Surís et al.

2022], the visual similarity connects the text embeddings from different languages

that achieves a language translation. Some works also explore complementary in-

formation within the visual modality, e.g. learning from short and wide temporal

contexts [Recasens et al. 2021] and nearest neighbour within the visual modal-

ity [Dwibedi et al. 2021].

Additionally, we propose supervised contrastive learning – termed “UberNCE”

in the paper, which injects the ground-truth label information in the contrastive

loss, as an upper-bound oracle setting for self-supervised experiments. The con-

current paper [Khosla et al. 2020] popularised the concept and set a high baseline

in the supervised image classification benchmarks.

In terms of performance, CoCLR is the first method that achieves more than

90% action classification accuracy on UCF101 dataset with visual-only pre-training.

Our RGB-only action retrieval performance on UCF101 and HMDB51 remains to

be state-of-the-art for almost two years – which is a big achievement in this fast-
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progressing field – until the recent work [Qian et al. 2022a] that decouples static

and dynamic video features with several regularisation losses. More importantly,

while counterparts conduct industry-scale training with a few orders of magni-

tude of more computational resources, CoCLR achieves competitive performance

on video benchmarks with at most 4 GPUs, which highlights its effectiveness in

self-supervised training. Overall, the CoCLR paper is cited more than 200 times

and the GitHub codebase has received more than 260 stars.

Efficient Training. In Chapter 5, we present the paper “Prompting Visual-

Language Models for Efficient Video Understanding”. In this work, we show that

the prompt tuning method can be applied to image-based visual-language mod-

els like CLIP [Radford et al. 2021] to steer it for video understanding tasks. We

extensively conduct experiments on 10 public benchmarks including action recog-

nition, action localisation and text-video retrieval, across closed-set, few-shot and

zero-shot scenarios, offering a reliable baseline for future research in this area. The

subsequent works [M. Jia et al. 2022] extend the learnable prompts into the visual

networks, and [Bahng et al. 2022] design the learnable visual prompts in the pixel

space.

The work “Turbo Training with Token Dropout” in Chapter 6 shows the re-

cent Masked AutoEncoder (MAE) is not only an efficient visual representation

learning method [K. He et al. 2022; Feichtenhofer et al. 2022; Tong et al. 2022],

but also a universal acceleration method for Vision Transformer architectures on

video-language pre-training, finetuning for action classification, and long video

classification. There are a few concurrent works that also point out the accelera-

tion of MAE but are limited to finetuning for classification [Yue Liu et al. 2022; F.

Liang et al. 2022]. The public codebase will encourage more researchers to adapt

this method to accelerate their training tasks.

Temporal Alignment Networks. In terms of visual-language training, natural

videos like the ones on YouTube have lots of noise and result in a low signal-to-noise

ratio (SNR). Previous work points out that these challenging noises from texts and

visual contents hinder the effectiveness of large-scale video training [Miech et al.

2020].

In this work, we increase the SNR of natural YouTube videos to make them
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great again for visual-language training. In detail, we propose a temporal align-

ment network that learns to automatically remove the sentences irrelevant to the

visual scene, as well as align the timestamps of relevant sentences with their corre-

sponding visual content. As a result, we obtain the automatically aligned version

of HowTo100M dataset, named ‘HTM-AA’. In our paper, we show that HTM-AA

benefits the backbone visual representation quality comparing with the original

HowTo100M. We believe many more subsequent works on short-term or long-term

video tasks would benefit from the large-scale pre-training on the HTM-AA. We

have released the HTM-AA dataset to the public.

Additionally, when working on natural long-term videos, we find lots of issues

with the ASR-based subtitles. For example, some English subtitles are transcribed

from another non-English speech directly, resulting in meaningless phonemes in

text, and the subtitles are often truncated into text segments consisting of only a

few words, failed to maintain the meaning of instruction sentences. We propose

to use pre-trained BERT-based language models to pre-process the subtitles, and

obtain a version of HowTo100M with each subtitle in a full sentence. We have also

released the text processing pipeline and the cleaned version of subtitles for future

research.

Despite just being published recently, we believe the paper together with the

public datasets and toolbox will inspire many subsequent works on natural long-

video training.

9.2 Future Works

We conclude the thesis by outlining a few possible research directions for future

works.

Long-video Understanding. In Part III we present two works on long-video

tasks including instructional videos and featured movies, but long-video under-

standing is still a scarcely explored research area. Architectural designs and task

definitions are promising research directions in this area. First, long-video archi-

tecture requires an effective memory mechanism, because loading an entire long

video for processing is neither efficient for hardware nor generalisable to variable

video durations. An ideal long-video memory should store multiple hierarchies of
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semantic information, e.g. the action of lifting a fork can also mean eating dessert

or attending a formal dinner, depending on the level of hierarchy. Additionally,

a long-video memory mechanism should also store multiple modalities like vision,

audio and speeches. To achieve these functions effectively, novel architectural de-

signs are required. Second, defining tasks that require long-video understanding

is difficult. Many video tasks like classical action classification and localisation

are not ideal evaluations since a few frames suffice to achieve the tasks. The suit-

able long-video evaluation tasks should assess object awareness in space and time,

as well as higher-level abstractions like reasoning actions or understanding story-

lines. However, how we define the annotation instructions and how we scale up

long-video annotations remain to be challenging problems.

Active Environment. In Chapter 2 and 3, we describe predictive coding be-

ing applied to videos for representation learning. However, if the model learns

by passively watching videos, the interaction with the environment is a missing

component that limits the representation quality. Self-supervised video represen-

tation can be learned in an active environment, where the model can take action

and observe the consequences by processing the video inputs. Furthermore, com-

pared with natural web videos, the data from real-world active environments are

limited in size and expensive to collect, therefore challenging for self-supervised

training. As such, data generation methods that build on top of high-quality sim-

ulator engines like Kubric [Greff et al. 2022] can be developed to produce realistic

visual inputs within interactive environments. Following this line, domain trans-

fer methods can be researched in order to adapt the simulation-pretrained video

representations to real-world tasks.

9.3 Conclusion

In this thesis, we develop methods to learn video representation without manual

annotations. These works in conjunction with the upcoming technical progress on

computations and networks, will enable us to create machines that could learn the

human intelligence from the enormous amount of videos.
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