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Scientists discover the world that exists;

Engineers create the world that never was.

–Theodore von Kármán
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Abstract
The increasing abundance of video data online necessitates the development of

systems capable of understanding such content. However, building these systems

poses significant challenges, including the absence of scalable and robust super-

vision signals, computational complexity, and multimodal modelling. To address

these issues, this thesis explores the role of language as a complementary learn-

ing signal for video, drawing inspiration from the success of self-supervised Large

Language Models (LLMs) and image-language models.

First, joint video-language representations are examined under the text-to-video

retrieval task. This includes the study of pre-extracted multimodal features, the

influence of contextual information, joint end-to-end learning of both image and

video representations, and various frame aggregation methods for long-form videos.

In doing so, state-of-the-art performance is achieved across a range of established

video-text benchmarks.

Second, this work explores the automatic generation of audio description (AD) –

narrations describing the visual happenings in a video, for the benefit of visually

impaired audiences. An LLM, prompted with multimodal information, including

past predictions, and pretrained with partial data sources, is employed for the

task. In the process, substantial advancements are achieved in the following areas:

efficient speech transcription, long-form visual storytelling, referencing character

names, and AD time-point prediction.

Finally, audiovisual behaviour recognition is applied to the field of wildlife conser-

vation and ethology. The approach is used to analyse vast video archives of wild

primates, revealing insights into individual and group behaviour variations, with

the potential for monitoring the effects of human pressures on animal habitats.

Keywords – video understanding, deep learning, vision & language, multimodal
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Chapter 1

Introduction and Background

Video data is one of the most abundant and fast-growing forms of digital infor-

mation in the world today. Every second, hours of footage are uploaded onto

online platforms, and video is increasingly integral to a myriad of applications

and monitoring systems, spanning from entertainment to critical infrastructure.

This ever-increasing trove of data is rich in nature, encapsulating the complexity

of our world in a multisensory, temporal format that not only offers visual cues,

but also encompasses audio, and complementary metadata. The applications of

automated video understanding systems are wide-ranging. For instance, in au-

tonomous driving systems, the ability to accurately interpret real-time video feeds

is pivotal for safe navigation [Janai et al. 2020]. Similarly, in the entertainment

industry, understanding video can allow for automatic content generation [J. Liu

et al. 2021], enhanced user interaction, and it can even assist visually impaired

individuals perceive the video content [Yuksel et al. 2020]. Given these factors,

developing systems that can understand and interpret video data effectively has

become a key objective in the field of computer vision.

However, harnessing the full potential of video data is not without its challenges.

From a practical standpoint, video data, due to its high-dimensionality, is far

more expensive computationally to train and predict on compared to other data

types. Each video consists of numerous frames, each a high-resolution image in

itself, leading to significant computational and storage costs. Furthermore, the

selection of an appropriate supervision signal for video learning presents its own

challenges. Thus far, self-supervised video models in computer vision have not
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enjoyed the same level of success as their image or language counterparts, in part

due to the difficulty in defining a robust and consistent supervision signal. Another

daunting challenge lies in the evaluation of video understanding. The goal of long-

form video understanding, while central to the advancement of computer vision,

is elusive due to the broad and somewhat intangible nature of “understanding”.

Designing metrics to accurately gauge the success of such understanding poses

significant difficulties, which further complicate the progression in this research

area.

In light of these challenges, this thesis argues that the use of language as a super-

visory and evaluatory signal for video understanding can bring significant benefits.

By linking the visually rich medium of video with the conceptually dense medium

of language, we can leverage the descriptive and interpretive power of language

to guide video understanding systems. The subsequent chapters of this thesis will

delve into the specifics of this approach, its benefits, and the ways in which it can

potentially shape the future of video understanding in computer vision.

1.1 Motivation

Learning from Language. Language, a principal form of human communica-

tion, inherently carries the ability to anticipate and explain the world. This thesis

is motivated by the possibility of employing language as a guide to video learning,

inspired by the triumph of Large Language Models (LLMs) and image-language

models. The advent of self-supervised LLMs bears testimony to the immense po-

tential intrinsic to pure language data generated by humans, either as written text

on the internet or as spoken dialogue. These models have exhibited remarkable

competencies across a diverse range of tasks, such as coding [M. Chen et al. 2021],

translation [Vaswani et al. 2017], summarisation [Raffel et al. 2020], and even

passing high school examinations [T. Brown et al. 2020].

The prospect of applying these robust capabilities to video understanding is en-

ticing and promises substantial progress. In addition to enhancing video under-

standing, language also provides an avenue for accessing a colossal store of human

knowledge. The vastness and diversity of the available textual data, covering an
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extensive range of topics, present a tremendous opportunity. By employing these

large corpora, models can be trained to comprehend video content in a similar na-

ture to humans - associating visual content with stored knowledge and experiences,

thereby rendering the video understanding process more intuitive and effective.

In essence, the overarching motivation of this thesis is to bridge the gap between

the world of videos and the realm of language, integrating the two to enhance video

understanding, by harnessing the recent advancements in language understanding

models. This combination offers a unique and highly promising avenue to tackle

the complex challenge of large-scale video understanding.

Learning from complementary modalities. The remarkable accomplishments

in computer vision tasks owe a significant debt to vast datasets of annotated train-

ing examples [Russakovsky et al. 2015], the backbone of deep learning. However,

manually obtaining these annotations is a cost-intensive process, severely con-

strained by the burgeoning volume of data available online. Efforts to circumvent

these issues have increasingly turned to self-supervised learning, an approach that

exploits inherent structures in the data to enable ‘learning from the data’ [Hin-

ton and Salakhutdinov 2006]. This strategy has been vigorously researched and

applied to image-only [Zbontar et al. 2021; Oquab et al. 2023; K. He et al. 2022;

Grill et al. 2020; Caron et al. 2021; T. Chen et al. 2020; Y. M. Asano et al. 2019]

or video-only [D. Wei et al. 2018; T. Han et al. 2019] data with some degrees of

success. Nevertheless, these attempts have struggled to scale effectively and ex-

hibit the same level of effortless low-shot adaptation to downstream applications

observed in Natural Language Processing (NLP) tasks [T. Brown et al. 2020]. An

effective workaround to this constraint lies in leveraging complementary modali-

ties as supervision, that has shown promising results in video-audio [Alwassel et

al. 2020; Nagrani 2020; Afouras et al. 2022; Korbar et al. 2018; R. Arandjelovic

and Zisserman 2018; Y. Asano et al. 2020] and vision-language [C. Jia et al. 2021;

Karpathy and Fei-Fei 2015]. Herein lies the importance of human dialogue, speech,

and textual descriptions that often accompany human-uploaded video data. These

natural co-occurrences of language and visual data, when in correspondence, can

serve as a scalable and potent learning signal.

Applications for Video Understanding. Another critical motivation for this

thesis is the application of video understanding in the field of wildlife conserva-
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tion and ethology - the scientific study of animal behavior. Technological advances

have made it possible to accumulate large volumes of video data, capturing animal

behaviors in unprecedented detail [Tinbergen 1963]. Large-scale video archives, en-

compassing both visual and audio information, present immense potential to iden-

tify individual and population-level variations, ontogenetic and cultural changes

in behaviors over extensive temporal and spatial scales.

However, the scale and depth at which this data can be analyzed are currently

limited due to the immense computational requirements and intensive human effort

needed to process these large volumes of video data [Jens Krause et al. 2013].

The application of video understanding techniques can potentially automate the

measurement of animal behavior, thereby opening up large-scale video archives for

detailed analysis.

The novel field of computational ethology has rapidly emerged at the intersection

of computer science, engineering, and biology, leveraging advanced deep learning

methodologies to process massive volumes of data [D. J. Anderson and Perona

2014]. The goal is to automate animal behavior recognition in wild footage, a

task that presents significant challenges due to motion blur, occlusion, vegetation,

poor resolution, and challenging lighting conditions [Sturman et al. 2020; van Dam

et al. 2020]. Successfully implementing these tools will revolutionize ethological

research and conservation, offering detailed insights into the behaviors of wild

animals and the impact of anthropogenic pressures on their habitats [Kaufhold

and Van Leeuwen 2019; Cantor et al. 2021; Dominoni et al. 2020; Christiansen

et al. 2013].

1.2 Key Ideas

1.2.1 Bottom-Up Multimodal Video Representations

A central concept of this thesis is recognising that a video is a symphony of multiple

constituent modalities: visual frames (a sequence of images), audio, as well as

accompanying metadata such as subtitles or user-generated annotations. This

perspective motivates a bottom-up approach to video understanding, proposing

14



that a system should first comprehend these composite modalities individually

before holistically understanding them in combination. Such a system should first

possess the capability to reason about individual frames, audio files (which could

be conceptually viewed as a video with a black screen), or textual data (such as

subtitles or on-screen text).

This bottom-up approach presents several notable advantages. Firstly, it allows

for the leveraging of existing datasets and pretrained models for each constituent

modality (Chapter 2). For instance, image-alt text datasets can facilitate the un-

derstanding of individual frames (Chapter 3); pretrained audio models can be used

to extract features (Chapter 8) and dialogue (Chapter 5); and LLMs pretrained

on vast text corpora can be used to understand subtitles and additional metadata

(Chapters 6 and 7).

Given that these resources are often available at a billion-scale level, they provide

a robust representations for the video’s constituent modalities and can do much of

the heavy lifting. Such an approach can considerably reduce the required volume

of labelled video data, which is often expensive to obtain, store, and train on.

This aspect is particularly critical in academic settings where access to large-scale

annotated video data and computational resources may be constrained.

1.2.2 Learning from Movies

The second key idea of this thesis is to learn and evaluate video understanding

systems from movies. Many established tasks in the computer vision field, such

as classification or retrieval, do not necessarily require holistic video modelling. In

many instances, these tasks can be solved by examining a single or few correct

frames (Chapter 4) or focusing on short, constrained video clips. Long-form video,

however, presents a completely different set of challenges, including modelling

objects and interactions over long temporal sequences. Adding to this complexity

is the lack of sufficient training data for more involved movie understanding tasks.

Movies, in this context, present a unique solution. They embody long-form nar-

rative structures, modelling complex character-focused dynamics, events, relation-

ships, emotions, and actions [Cutting 2016; Papalampidi et al. 2019]. This com-

plexity makes movies a robust resource for training video understanding systems
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to handle intricate, real-world scenarios. Furthermore, movies come with a wealth

of rich, complementary data such as plots (Chapter 2), scripts, and audio descrip-

tions (Chapter 6 and 7). This additional information provides valuable context

that can greatly enhance a system’s understanding of the video content. The fact

that these sources of data are produced naturally by the movie industry, makes

them an ideal, scalable supervision signal alongside movies.

1.3 Thesis Outline and Contributions

In this section, the contributions of this thesis are summarised and an overview is

provided for each chapter. The thesis is divided into three parts – (i) Joint Video-

Text Representations for Retrieval; (ii) Automated Movie Audio Description; and

(iii) Audiovisual Animal Behaviour Recognition.

Joint Video-Text Representations for Retrieval

In this research theme, video understanding is evaluated under the text-to-video

retrieval task. This process involves querying a gallery of videos using a piece of

text, such as a sentence, with the object of retrieving the video that best cor-

responds to the queried text. The performance of joint video-text embeddings

and how well they can be aligned are assessed through various retrieval metrics –

providing a basis video-language representaitons and more complex tasks.

In Chapter 2, an in-depth exploration of text-to-video retrieval, specifically within

the context of captioned movie clip videos, is conducted. The study evaluates

the effectiveness of (i) pre-extracted multimodal features, (ii) the identification of

movie characters in the clip, and (iii) the impact of contextual information derived

from adjacent clips within the same film.

In Chapter 3, we propose to move beyond pre-extracted video features for retrieval,

and instead learn a visual encoder end-to-end for joint video-text representations.

The paper investigates the effect of leveraging image-caption data to boost video-

text learning, along with a study into curriculum learning on the number of frames

to heavily reduce computational requirements of training a video model end-to-
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end.

Building upon the insights derived from Chapter 3, the study in Chapter 4 employs

strong pretrained image-text representations, initializing the per-frame image en-

coder and text encoder with CLIP [Radford et al. 2021]. Subsequently, the chapter

explores a range of frame aggregation methods for retrieval and fine-tunes them on

various benchmarks, surpassing previous state-of-the-art performance. These out-

comes underscore the potency of robust image-language representations in tackling

established video retrieval benchmarks.

Automated Movie Audio Description

Under this theme, the assessment of video understanding is conducted through the

task of densely captioning long-form videos, specifically, the generation of audio

descriptions for movies. Audio description (AD) is a form of narration used to

provide information of the visual happenings in the scene for the benefit of blind

and visually impaired audiences. It is a legal requirement for broadcasters in the

US and UK to provide AD for a fraction of their content and therefore this is a

complementary source of language supervision for movie data, making it an ideal

learning candidate.

We first propose an efficient and accurate method for automatic speech transcrip-

tion, in order to automatically extract AD narrations from a single audio file

containing both movie dialogue and AD. The proposed WhisperX method enables

rapid transcription at scale, that we use in a pipeline, combined with speaker di-

arization, to extract and transcribe AD for 8,000 movies in under 200 hours on a

single GPU.

The acquired AD data is then explored in Chapter 6, which investigates the use of

a pretrained large language model (LLM) prompted with multimodal information

to autonomously generate audio descriptions for a proposed temporal segment. It

suggests partial pretraining as a strategy to address the challenge of incomplete

data (whereby e.g. audio and text data is available but not frames), a frequent

occurrence due to copyright restrictions. It indicates that each module of the visual

captioning system can benefit from pretraining with partial data for each modality,

such as large-scale text-only corpora. Additionally, the chapter delves into the
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influence of longer context, demonstrating that the AD generation task necessitates

a more extended context to deliver consistent storytelling for the listener.

Chapter 7 further expands on this work, addressing some of the limitations iden-

tified in the initial AD work. This includes handling character naming, a critical

aspect for successful storytelling and superior AD, alongside improved visual rea-

soning, and time-point prediction. This second aspect enables the model to predict

not only ‘what’ to generate for AD but also ‘when’, further enhancing its applica-

bility.

Audiovisual Animal Behaviour Recognition

Lastly, this thesis presents an interesting cross-disciplinary application of video un-

derstanding systems: the recognition of wild primate behavior using audiovisual

data from video footage (Chapter 8). This research illustrates how bottom-up ap-

proaches to video understanding, such as action classification, can offer automatic

methods for wildlife researchers and animal behavior analysts. These methods can

subsequently be employed for statistical analysis and sequencing, thus contributing

to the broader field of animal behavior studies.

1.3.1 Publications

Chapters 2 to 8 each contain a paper that has been peer-reviewed and accepted

at a conference or journal, with the exception of the technical report in Chap-

ter 4. These papers are presented in their original published forms, with the

only alterations made being those related to formatting. For every publication, a

corresponding statement of authorship can be found in Appendix A. The papers

included in the thesis are as follows:

Chapter 2: Condensed Movies: Story-Based Retrieval with Contextual

Embeddings

Max Bain, Arsha Nagrani, Andrew Brown, Andrew Zisserman

In Asian Conference on Computer Vision (ACCV), 2020.

18



Chapter 3: Frozen in Time: A Joint Video and Image Encoder for End-

to-End Retrieval

Max Bain, Arsha Nagrani, Gül Varol, Andrew Zisserman

In International Conference on Computer Vision (ICCV), 2021.

Chapter 4: A Clip-Hitchhiker’s Guide to Long Video Retrieval

Max Bain, Arsha Nagrani, Gül Varol, Andrew Zisserman

Technical Report, 2022.

Chapter 5: WhisperX: Time-Accurate Speech Transcription of Long-

Form Audio

Max Bain, Jaesung Huh, Tengda Han, Andrew Zisserman

In INTERSPEECH, 2023.

Chapter 6: AutoAD: Movie Description in Context

Tengda Han∗, Max Bain∗, Arsha Nagrani, Gül Varol, Weidi Xie, Andrew Zisser-

man (∗Equal contribution)

In Conference on Computer Vision and Pattern Recognition (CVPR), 2023.

Chapter 7: AutoAD II: The Sequel – Who, When, and What in Movie

Audio Description

Tengda Han, Max Bain, Arsha Nagrani, Gül Varol, Weidi Xie, Andrew Zisser-

man

In International Conference on Computer Vision (ICCV), 2023.

Chapter 8: Automated Audiovisual Behavior Recognition in Wild Pri-

mates

Max Bain, Arsha Nagrani, Daniel Schofield, Sophie Berdugo, Joana Bessa, Jake

Owen, Kimberley J. Hockings, Tetsuro Matsuzawa, Misato Hayashi, Dora Biro,

Susana Carvalho, Andrew Zisserman

Science Advances 7, no. 46, 2021.
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Publications not included:

“Count, Crop and Recognise: Fine-Grained Recognition in the Wild”

Max Bain, Arsha Nagrani, Daniel Schofield, Andrew Zisserman. In Proceedings

of the IEEE/CVF International Conference on Computer Vision Workshops, 2019.

“A Prompt Array Keeps the Bias Away: Debiasing Vision-Language

Models with Adversarial Learning”1

Hugo Berg, Siobhan Mackenzie Hall, Yash Bhalgat, Wonsuk Yang, Hannah Rose

Kirk, Alexander Shtedritski, Max Bain. In Proceedings of the 2nd Conference

of the Asia-Pacific Chapter of the Association for Computational Linguistics and

the 12th International Joint Conference on Natural Language Processing (AACL),

2022.

“Balancing the Picture: Debiasing Vision-Language Datasets with Syn-

thetic Contrast Sets”1

Brandon Smith, Miguel Farinha, Siobhan Mackenzie Hall, Hannah Rose Kirk,

Alexander Shtedritski, Max Bain. Preprint (under review), 2023.

1 These papers, focussed on the topic of societal bias in vision-language models, are only
loosely related to the scope of the thesis and hence are excluded.
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Joint Video-Text Representations

for Retrieval
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Chapter 2

Condensed Movies: Story-Based

Retrieval with Contextual

Embeddings

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

Conference on Computer Vision (ACCV), 2020.

22



Condensed Movies:

Story Based Retrieval with Contextual Embeddings
Max Bain Arsha Nagrani

Andrew Brown Andrew Zisserman

Visual Geometry Group, University of Oxford

Abstract

Our objective in this work is long range understanding of the narrative

structure of movies. Instead of considering the entire movie, we propose

to learn from the ‘key scenes’ of the movie, providing a condensed look at

the full storyline. To this end, we make the following three contributions:

(i) We create the Condensed Movies Dataset (CMD) consisting of the key

scenes from over 3K movies: each key scene is accompanied by a high level

semantic description of the scene, character face-tracks, and metadata about

the movie. The dataset is scalable, obtained automatically from YouTube,

and is freely available for anybody to download and use. It is also an order

of magnitude larger than existing movie datasets in the number of movies;

(ii) We provide a deep network baseline for text-to-video retrieval on our

dataset, combining character, speech and visual cues into a single video

embedding; and finally (iii) We demonstrate how the addition of context

from other video clips improves retrieval performance.

2.1 Introduction

Imagine you are watching the movie ‘Trading Places’, and you want to instantly

fast forward to a scene, one where ‘Billy reveals the truth to Louis about the

Duke’s bet, a bet which changed both their lives’. In order to solve this task

automatically, an intelligent system would need to watch the movie up to this
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Billy reveals the truth to Louis 
about the Duke's bet which 
changed both their lives.

. . .

Billy gets busted by the cops 
for pan-handling in disguise as 
a blind, crippled Vietnam War 
veteran.

Billy discovers the true nature 
of Mortimer and Randolph 
Duke’s bet.

time

Figure 2.1: Condensed Movies: The dataset consists of the key scenes in a movie
(ordered by time), together with high level semantic descriptions. Note how the caption
of a scene (far right) is based on the knowledge of past scenes in the movie – one where
the Dukes exchange money to settle their bet (highlighted in yellow), and another scene
showing their lives before the bet, homeless and pan-handling (highlighted in green).

point, have knowledge of Billy, Louis and the Duke’s identities, understand that

the Duke made a bet, and know the outcome of this bet (Fig. 7.1). This high

level understanding of the movie narrative requires knowledge of the characters’

identities, their relationships, motivations and conversations, and ultimately their

behaviour. Since movies and TV shows can provide an ideal source of data to

test this level of story understanding, there have been a number of movie related

datasets and tasks proposed by the computer vision community [Tapaswi et al.

2014; A. Rohrbach et al. 2017b; Xiong et al. 2019; Vicol et al. 2018; Q. Huang

et al. 2020b].

However, despite the recent proliferation of movie-related datasets, high level se-

mantic understanding of human narratives still remains a challenging task. There

are a number of reasons for this lack of progress: (i) semantic annotation is ex-

pensive and challenging to obtain, inherently restricting the size of current movie

datasets to only hundreds of movies, and often, only part of the movie is annotated

in detail [Tapaswi et al. 2014; A. Rohrbach et al. 2017b; Xiong et al. 2019]; (ii)

movies are very long (roughly 2 hours) and video architectures struggle to learn

over such large timescales; (iii) there are legal and copyright issues surrounding a

majority of these datasets [Tapaswi et al. 2014; Xiong et al. 2019], which hinder

their widespread availability and adoption in the community; and finally (iv) the

subjective nature of the task makes it difficult to define objectives and metrics.

A number of different works have recently creatively identified that certain domains

of videos, such as narrated instructional videos [Miech et al. 2019; Y. Tang et al.
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2019; L. Zhou et al. 2018a] and lifestyle vlogs [Ignat et al. 2019; Fouhey et al. 2018]

are available in large numbers on YouTube and are a good source of supervision

for video-text models as the speech describes the video content. In a similar spirit,

videos from the MovieClips channel on YouTube1, which contains the key scenes or

clips from numerous movies, are also accompanied by a semantic text description

describing the content of each clip.

Our first objective in this paper is to curate a dataset, suitable for learning and

evaluating long range narrative structure understanding, from the available video

clips and associated annotations of the MovieClips channel. To this end, we curate

a dataset of ‘condensed’ movies, called the Condensed Movie Dataset (CMD) which

provides a condensed snapshot into the entire storyline of a movie. In addition to

just the video, we also download and clean the high level semantic descriptions

accompanying each key scene that describes characters, their motivations, actions,

scenes, objects, interactions and relationships. We also provide labelled face-tracks

of the principal actors (generated automatically), as well as the metadata associ-

ated with the movie (such as cast lists, synopsis, year, genre). Essentially, all the

information required to (sparsely) generate a MovieGraph [Vicol et al. 2018]. The

dataset consists of over 3000 movies.

Previous work on video retrieval and video understanding has largely treated video

clips as independent entities, divorced from their context [A. Rohrbach et al. 2017b;

J. Xu et al. 2016; Anne Hendricks et al. 2017]. But this is not how movies are

understood: the meaning and significance of a scene depends on its relationship

to previous scenes. This is true also of TV series, where one episode depends on

those leading up to it (the season arc); and even an online tutorial/lesson can refer

to previous tutorials. These contextual videos are beneficial and sometimes even

necessary for complete video understanding.

Our second objective is to explore the role of context in enabling video retrieval.

We define a text-to-video retrieval task on the CMD, and extend the popular

Mixture of Embedding Experts model [Miech et al. 2018], that can learn from

the subtitles, faces, objects, actions and scenes, by adding a Contextual Boost

Module that introduces information from past and future clips. Unlike other movie

related tasks – e.g. text-to-video retrieval on the LSMDC dataset [A. Rohrbach
1https://www.youtube.com/user/movieclips
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et al. 2017b] or graph retrieval on the MovieQA [Tapaswi et al. 2016] dataset

that ignore identities, we also introduce a character embedding module which

allows the model to reason about the identities of characters present in each clip

and description. Applications of this kind of story-based retrieval include semantic

search and indexing of movies as well as intelligent fast forwards. The CMD dataset

can also be used for semantic video summarization and automatic description of

videos for the visually impaired (Descriptive Video Services (DVS) are currently

available at a huge manual cost).

Finally, we also show preliminary results for aligning the semantic captions to the

plot summaries of each movie, which places each video clip in the larger context

of the movie as a whole. Data, code, models and features can be found at https:

//www.robots.ox.ac.uk/~vgg/research/condensed-movies/.

2.2 Related Work

Video Understanding from Movies: There is an increasing effort to develop

video understanding techniques that go beyond action classification from cropped,

short temporal snippets [Kay et al. 2017; C. Gu et al. 2018; Monfort et al. 2019],

to learning from longer, more complicated videos that promise a higher level of

abstraction [Sener et al. 2015; Alayrac et al. 2016; Miech et al. 2019; C. Sun et

al. 2019]. Movies and TV shows provide an ideal test bed for learning long-term

stories, leading to a number of recent datasets focusing exclusively on this do-

main [Tapaswi et al. 2014; Tapaswi et al. 2016; A. Rohrbach et al. 2017b; Xiong

et al. 2019]. Early works, however, focused on using film and TV to learn hu-

man identity [Everingham et al. 2006; Naim et al. 2016; Cour et al. 2009; Sivic

et al. 2009; Tapaswi et al. 2012a; Q. Huang et al. 2020c] or human actions [Bo-

janowski et al. 2013; Duchenne et al. 2009; Laptev et al. 2008; Marszałek et al.

2009; Nagrani et al. 2020] from the scripts or captions accompanying movies. Valu-

able recent works have proposed story-based tasks such as the visualization and

grouping of scenes which belong to the same story threads [Ercolessi et al. 2012;

Rao et al. 2020], the visualization of TV episodes as a chart of character interac-

tions [Tapaswi et al. 2014], and more recently, the creation of more complicated

movie graphs (MovieGraphs [Vicol et al. 2018] is the most exhaustively annotated

26

https://www.robots.ox.ac.uk/~vgg/research/condensed-movies/
https://www.robots.ox.ac.uk/~vgg/research/condensed-movies/


Table 2.1: Comparison to other movie and TV show datasets. For completeness, we
also compare to datasets that only have character ID or action annotation. ‘Free’ is
defined here as accessible online at no cost at the time of writing. *Refers to number of
TV shows.

#Movies #Hours Free Annotation Type

Sherlock[Nagrani and Zisserman 2017] 1* 4 Character IDs
TVQA[Lei et al. 2019] 6* 460 VQA
AVA[C. Gu et al. 2018] 430 107.5 X Actions only
MovieGraphs[Vicol et al. 2018] 51 93.9 Descriptions, graphs
MovieQA(video)[Tapaswi et al. 2016] 140 381 VQA
MovieScenes[Rao et al. 2020] 150 250 Scene segmentations
LSMDC[A. Rohrbach et al. 2017b] 202 158 Captions
MSA[Xiong et al. 2019] 327 516 Plots
MovieNet[Q. Huang et al. 2020b] 1,100 2,000 Plots, action tags, character IDs

CMD (Ours) 3,605 1,270 X
Descriptions, metadata,
character IDs, plots

movie dataset to date). Such graphs have enabled explicit learning of interactions

and relationships [Kukleva et al. 2020a] between characters. This requires under-

standing multiple factors such as human communication, emotions, motivation,

scenes and other factors that affect behavior. There has also been a recent inter-

est in evaluating story understanding through visual question answering [Tapaswi

et al. 2016] and movie scene segmentation [Rao et al. 2020]. In contrast, we pro-

pose to evaluate story understanding through the task of text-to-video retrieval,

from a set of key scenes in a movie that condense most of the salient parts of the

storyline. Unlike retrieval through a complex graph [Vicol et al. 2018], retrieval

via text queries can be a more intuitive way for a human to interact with an intel-

ligent system, and might help avoid some of the biases present inherently in VQA

datasets [Jasani et al. 2019].

Comparison to other Movie Datasets: Existing movie datasets often consist

of short clips spanning entire, full length movies (which are subject to copyright

and difficult for public release to the community). All such datasets also depend

on exhaustive annotation, which limit their scale to hundreds of movies. Our

dataset, in contrast, consists of only the key scenes from movies matched with

high quality, high level semantic descriptions, allowing for a condensed look at the

entire storyline. A comparison of our dataset to other datasets can be seen in

Table 2.1. Text-to-Video Retrieval: A common approach for learning visual

embeddings from natural language supervision is to learn a joint embedding space

where visual and textual cues are adjacent if they are semantically similar [Miech
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et al. 2018; Y. Liu et al. 2019]. Most of these works rely on manually annotated

datasets in which descriptive captions are collected for short, isolated video clips,

with descriptions usually focusing on low-level visual content provided by annota-

tors [A. Rohrbach et al. 2017b; Anne Hendricks et al. 2017; J. Xu et al. 2016]. For

example LSMDC [A. Rohrbach et al. 2017b], which is created from DVS, contains

mostly low-level descriptions of the visual content in the scene, e.g. ‘Abby gets

in the basket’, unlike the descriptions in our dataset. Most similar to our work

is [Tapaswi et al. 2015b], which obtains story level descriptions for shots in full

movies, by aligning plot sentences to shots, and then attempting video retrieval.

This, however, is challenging because often there is no shot that matches a plot

sentence perfectly, and shots cover very small timescales. Unlike this work our

semantic descriptions are more true to the clips themselves.

Temporal Context: The idea of exploiting surrounding context has been ex-

plored by [Krishna et al. 2017a], for the task of video captioning, and by [C.-Y.

Wu et al. 2019a] for video understanding. Krishna et al. [Krishna et al. 2017a]

introduces a new captioning module that uses contextual information from past

and future events to jointly describe all events, however this work focuses on short

term context (few seconds before and after a particular clip). Wu et al. [C.-Y.

Wu et al. 2019a] go further, and introduce a feature bank architecture that can

use contextual information over several minutes, demonstrating the performance

improvements that results. Our dataset provides the opportunity to extend such

feature banks (sparsely) over an entire movie.

2.3 Condensed Movie Dataset

We construct a dataset to facilitate machine understanding of narratives in long

movies. Our dataset has the following key properties:

(1) Condensed Storylines: The video data consists of over 33,000 clips from

3,600 movies (see Table 2.2). For each movie there is a set of ordered clips (typi-

cally 10 or so) covering the salient parts of the film (examples can be seen in Fig.

2.2, top row). Each around two minutes in length, the clips contain the same rich

and complex story as full-length films but an order of magnitude shorter. The

distribution of video lengths in our dataset can be seen in Fig. 2.2 – with just the
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Daniel's attempt to defend Ali 
from Johnny ends in 
embarrassing fashion.

Daniel is skeptical when Mr. 
Miyagi tells him to wax a 
series of cars during their first 
karate lesson.

Daniel surprises his teacher 
Mr. Miyagi when he is able 
to catch a fly with chopsticks 
on his first try.

Daniel continues to train with 
Mr. Miyagi and learns a stark 
lesson on concentration.

Despite illegal moves from 
the Cobra Kai that bring him 
to the ground, Daniel 
delivers one final kick and 
wins the championship.

Figure 2.2: The Condensed Movie Dataset (CMD). Top: Samples of clips and
their corresponding captions from The Karate Kid (1984) film. In movies, as in real
life, situations follow from other situations and the combination of video and text tell a
concise story. Note: Every time a character is mentioned in the description, the name of
the actor is present in brackets. We remove these from the figure in the interest of space.
Middle, from left to right: Histogram of movie genres, movie release years, description
length and duration of video clips. Best viewed online and zoomed in. Bottom: Example
face-tracks labelled with the actor’s name in the clips. These labels are obtained from
cast lists and assigned to facetracks using our automatic labelling pipeline.
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Table 2.2: Comparison to other video text retrieval datasets. MTLD is the Measure of
Textual Lexical Diversity [Mccarthy and Jarvis 2010] for all of the descriptions in the
dataset.

Dataset #Videos/#Clips Median caption
len. (words) MTLD Median clip

len. (secs)

MSVRTT[J. Xu et al. 2016] 7,180/10,000 7 26.9 15
DiDemo[Anne Hendricks et al. 2017] 10,464/26,892 7 39.9 28
LSMDC[A. Rohrbach et al. 2017b] 200/118,114 8 61.6 5
CMD (Ours) 3,605/33,976 18 89.1 132

key scenes, each movie has been condensed into roughly 20 minutes each. Each

clip is also accompanied by a high level description focusing on intent, emotion,

relationships between characters and high level semantics (Figures 2.2 and 2.3).

Compared to other video-text datasets, our descriptions are longer, and have a

higher lexical diversity [Mccarthy and Jarvis 2010] (Table 2.2). We also provide

face-tracks and identity labels for the main characters in each clip (Figure 2.2,

bottom row).

(2) Online Longevity and Scalability: All the videos are obtained from the

licensed, freely available YouTube channel: MovieClips2 We note that a common

problem plaguing YouTube datasets today [Caba Heilbron et al. 2015; C. Gu et al.

2018; Kay et al. 2017; Nagrani et al. 2019] is the fast shrinkage of datasets as user

uploaded videos are taken down by users (over 15% of Kinetics-400 [Kay et al.

2017] is no longer available on YouTube at the time of writing, including videos

from the eval sets). We believe our dataset has longevity due to the fact that the

movie clips on the licensed channel are rarely taken down from YouTube. Also,

this is an actively growing YouTube channel as new movies are released and added.

Hence there is a potential to continually increase the size of the dataset. We note

that from the period of 1st Jan 2020, to 1st September 2020, only 0.3% of videos

have been removed from the YouTube channel, while an additional 2,000 videos

have been uploaded, resulting in a dataset growth of 5.8% over the course of 9

months.

2https://www.youtube.com/user/movieclips/.
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Sean wants to sulk alone in 
the snow but is interrupted 
by Paul.

Adam meets his therapist 
Katherine, who is much 
younger than he expected.

Barbara Jean succumbs to 
her stress and anxiety on 
stage.

Ronny tries to get his 
camera back from Zip 
who is still angry about 
their previous altercation.

Frankie reveals his master 
plan to steal $10,000 from 
charity, and how the group 
of kids will be used to help 
him

INTENT RELATIONSHIP EMOTION REFERENCE 
TO PAST

REFERENCE 
TO FUTURE

INTENT RELATIONSHIP EMOTION PAST CONTEXT FUTURE CONTEXT

Figure 2.3: Semantic descriptions: Examples of high level semantic descriptions
accompanying each video clip in our dataset (note: actor names are removed to preserve
space). Our semantic descriptions cover a number of high level concepts, including
intent/motivation, relationships, emotions and attributes, and context from surrounding
clips in the storyline.

2.3.1 Dataset Collection Pipeline

In this section we describe the dataset collection pipeline.

Videos and Descriptions: Raw videos are downloaded from YouTube. Each

video is accompanied by an outro at the end of the clip which contains some ad-

vertising and links to other movies. This is automatically removed by using the

observation that each outro has a consistent length of either 10s (if the clip is

uploaded before May 2017) or 30s if uploaded after. Approximately 1,000 videos

from the channel were manually excluded from the dataset because they contained

low quality descriptions or did not contain scenes from a movie. For each video,

we also download the YouTube closed captions, these are a mix of high quality,

human generated subtitles and automatic captions. Closed captions are missing

for 36.7% of the videos. The MovieClips channel also provides a rich and high

level description with each video, which we extract, clean (removing the movie

title, links and advertising) and verify manually. We note that the videos also

contain a watermark, usually at the bottom left of the frame. These can be easily

cropped from the videos.

Metadata: For each clip, we identify its source movie by parsing the movie title

from the video description and, if available, the release year (since many movies

have non-unique titles). The title and release year are queried in the IMDb search

engine to obtain the movie’s IMDb ID, cast list and genre. IMDb identification

enables correspondence to other popular movie datasets [Tapaswi et al. 2016; A.

Rohrbach et al. 2017a]. Plot synposes were gathered by querying the movie title

and release year in the Wikipedia search engine and extracting text within the
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‘Plot’ section of the top ranked entry. For each movie we include: (i) the movie

description (short, 3-5 sentences), accompaying the video clips on the MovieClips

YouTube channel; (ii) Wikipedia plot summaries (medium, 30 sentences); and (iii)

IMDB plot synopses (long, 50+ sentences).

Face-tracks and Character IDs: We note that often character identities are the

focal point of any storyline, and many of the descriptions reference key characters.

In a similar manner to [Nagrani and Zisserman 2017], we use face images down-

loaded from search engines to label detected and tracked faces in our dataset. Our

technique involves the creation of a character embedding bank (CEB) which con-

tains a list of characters (obtained from cast lists), and a corresponding embedding

vector obtained by passing search engine image results through a deep CNN model

pretrained on human faces [Cao et al. 2018]. Character IDs are then assigned to

face-tracks in the video dataset when the similarity between the embeddings from

the face tracks and the embeddings in the CEB (using cosine similarity) is above

a certain threshold. This pipeline is described in detail in Section 2.8.1. We note

that this is an automatic method and so does not yield perfect results, but a ran-

dom manual inspection shows that it is accurate 96% of the time. Ultimately, we

are able to recognize 8,375 different characters in 25,760 of the video clips.

2.3.2 Story Coverage

To quantitatively measure the amount of the story covered by movie clips in our

dataset, we randomly sample 100 movies and manually aligned the movie clips

(using the descriptions as well as the videos) to Wikipedia plot summaries (the

median length of which is 32 sentences). We found that while the clips totalled

only 15% of the full-length movie in time duration, they cover 44% of the full

plot sentences, suggesting that the clips can indeed be described as key scenes. In

addition, we find that the movie clips span a median range of 85.2% of the plot,

with the mean midpoint of the span being 53%. We further show the distribution

of clip sampling in Fig. 2.8 in the supplementary material of the ArXiV version,

and find that in general there is an almost uniform coverage of the movie. While

we focus on a baseline task of video-text retrieval, we also believe that the lon-

gitudindal nature of our dataset will encourage other tasks in long range movie
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understanding.

2.4 Text-to-Video Retrieval

In this section we provide a baseline task for our dataset – the task of text-to-

video retrieval. The goal here is to retrieve the correct ‘key scene’ over all movies

in the dataset, given just the high level description. Henceforth, we use the term

‘video clip’ to refer to one key scene, and ‘description’ to refer to the high level

semantic text accompanying each video clip. In order to achieve this task, we learn

a common embedding space for each video and the description accompanying it.

More formally, if V is the video and T is the description, we learn embedding

functions f and g such that the similarity s = 〈f(V ), g(T )〉 is high only if T

is the correct semantic description for the video V . Inspired by previous works

that achieve state-of-the-art results on video retrieval tasks [Miech et al. 2018; Y.

Liu et al. 2019], we encode each video as a combination of different streams of

descriptors. Each descriptor is a semantic representation of the video learnt by

individual experts (that encode concepts such as scenes, faces, actions, objects and

the content of conversational speech from subtitles).

Inspired by [Miech et al. 2018], we base our network architecture on a mixture

of ‘expert’ embeddings model, wherein a separate model is learnt for each expert,

which are then combined in an end-to-end trainable fashion using weights that

depend on the input caption. This allows the model to learn to increase the

relative weight of motion descriptors for input captions concerning human actions,

or increase the relative weight of face descriptors for input captions that require

detailed face understanding. We also note, however, that often the text query not

only provides clues as to which expert is more valuable, but also whether it is useful

to pay attention to a previous clip in the movie, by referring to something that

happened previously, eg. ‘Zip is still angry about their previous altercation’. Hence

we introduce a Contextual Boost module (CBM), which allows the model to learn

to increase the relative weight of a past video feature as well. A visual overview

of the retrieval system with the CBM can be seen in Fig. 3.1. In regular movie

datasets, the space of possible previous clips can be prohibitively large [Tapaswi

et al. 2015b], however this becomes feasible with our Condensed Movies dataset.
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Billy reveals the truth 
to Louis about the 
Duke's bet which 
changed both their 
lives.

Text 
Query 

Encoder

Similarity 
Score

Multi-modal 
Video 

Encoder

CBM
Contextual 
Video Clips

Target  
Video Clip

Output

Expert 
Features

Figure 2.4: Model architecture: An overview of text-to-video retrieval with our
Contextual Boost module (CBM) that computes a similarity score between a query
sentence T and a target video. CBM receives contextual video features (which are
previous clips from the same movie) to improve the multimodal encoding of the target
video clip. The expert features are extracted using pre-trained models for speech, motion,
faces, scenes and objects.

Besides doing just cross-movie retrieval, we also adapt our model to perform

within-movie retrieval. We note that characters are integral to a storyline, and

hence for the case of within-movie retrieval, we introduce a character module,

which computes a weighted one-hot vector for the characters present in the de-

scription query and another for each video clip in the dataset. We note that for

cross-movie retrieval, the retrieval task becomes trivial given the knowledge of

the characters in each movie, and hence to make the task more challenging (and

force the network to focus on other aspects of the story), we remove the character

module for this case.

2.4.1 Model Architecture

Expert Features.

Stories in movies are communicated through many modalities including (but not

limited to) speech, body language, facial expressions and actions. Hence we rep-

resent each input video V with K different expert streams (in our case, K = 5 –

face, subtitles, objects, motion and scene, but our framework can be extended to

more experts as required).

Each input stream is denoted as Ii, where i = 1, ..., K. Adopting the approach

proposed by [Miech et al. 2018], we first aggregate the descriptors of each input

stream over time, using a temporal aggregation module (see Sec. 2.5 for details),

and the resulting time-aggregated descriptor is embedded using a gated embedding

module (for the precise details of the gated embedding module, please see [Miech
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et al. 2018]). We then finally project each embedding to a common dimension D

using a fully connected layer, giving us one expert embedding EVi
for each input

stream i.Hence the final output is of dimensions K ×D.

Text Query Encoder.

The query description input is a sequence of BERT word embeddings [J. Devlin

et al. 2019] for each input sentence. These individual word embedding vectors are

then aggregated into a single vector h(T ) representing the entire sentence using a

NetVLAD [R. Arandjelovic et al. 2016] aggregation module. This vector h(T ), is

used to predict the mixture weights (described in the next section). We project

h(T ) to the same dimensions as the video expert features using the same gated

embedding module followed by a fully connected layer as for the video experts

(described above), once for each input source i, giving us expert embeddings ETi
.

Hence the final output is also of dimensions K ×D.

Contextual Boost Module.

In both [Miech et al. 2018] and [Y. Liu et al. 2019], the resulting expert embed-

dings EVi
are then weighted using normalized weights wi(T ) estimated from the

text description T . The final similarity score s is obtained by a weighted com-

bination of the similarity scores si(ETi
, EVi

) between the embeddings ETi
of the

query sentence T and the expert embeddings EVi
(obtained from the input video

descriptors Ii). More formally, this is calculated as:

s(T, V ) =
K∑
i=1

wi(T )si(ETi
, EVi

), where wi(T ) = eh(T )ᵀai∑K
j=1 e

h(T )ᵀaj
(2.1)

where si is the scalar product, h(T ) is the aggregated text query representation

described above and ai, i = 1, .., .K are learnt parameters used to obtained the

mixture weights.

In this work, however, we extend this formulation in order to incorporate past

context into the retrieval model. We would like the model to be able to predict

weights for combining experts from previous clips – note we treat each expert

separately in this formulation. For example, the model might want to heavily
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weight the subtitles from a past clip, but downweight the scene representation

which is not informative for a particular query. More formally, given the total

number of clips we are encoding to be N , we modify the equation above as:

s(T, V ) =
N∑
n=1

K∑
i=1

wi,n(T )si,n(ETi
, EVi,n

), (2.2)

wi,n(T ) = eh(T )ᵀai,n∑N
m=1

∑K
j=1 e

h(T )ᵀaj,m
. (2.3)

Hence instead of learning K scalar weights ai, i = 1, ..., K as done in [Miech et al.

2018] and [Y. Liu et al. 2019], we learn K × N scalar weights ai,n, i = 1, ..., K,

n = 1, ..., N to allow combination of experts from additional clips.

Dealing with missing streams.

We note that these experts might be missing for certain videos, e.g. subtitles

are not available for all videos and some videos do not have any detected faces.

When expert features are missing, we zero-pad the missing experts and compute

the similarity score. This is the standard procedure followed by existing retrieval

methods using Mixture of Embedding Experts models [Miech et al. 2018; Y. Liu

et al. 2019]. The similarity score is calculated only from the available experts by

re-normalizing the mixture weights to sum to one, allowing backpropagation of

gradients only to the expert branches that had an input feature. We apply this

same principle when dealing with missing video clips in the past, for example if we

are training our model with N = 1 past clips, for a video clip which is right at the

start of the movie (has no past), we treat all the experts from the previous clip as

missing so that the weights are normalized to focus only on the current clip.

Character Module.

The character module computes the similarity between a vector representation of

the character IDs mentioned in the query y and a vector representation of the face

identities recognised in the clip x. The vector representations are computed as

follows: For the query, we search for actor names in the text from the cast list

(supplied by the dataset) and create a one-hot vector y the same length as the

cast list, where yi = 1 if actor i is identified in any face track in the video and
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yi = 0 otherwise. For the face identities acquired in the face recognition pipeline

(described earlier), we compare the following three methods: first, we encode a

one-hot vector x in a manner similar to the query character encoding. While this

can match the presence and absence of characters, it doesn’t allow any weighting

of characters based on their importance in a clip. Hence inspired by [Tapaswi et al.

2015c], we also propose a second method (“track-frequency normalised”), where

xi is the number of face tracks for identity i. Lastly, in “track length normalised”,

our vector encodes the total amount of time a character appears in a clip i.e. xi
is the sum of all track lengths for actor i, divided by the total sum of all track

lengths in the clip. The performances of the three approaches are displayed and

discussed in Table 2.5 and Section 2.5 respectively. The character similarity score

sC = 〈y, x〉 is then modulated by its own scalar mixture weight wC(T ) predicted

from h(T ) (as is done for the other experts in the model). This similarity score is

then added to the similarity score obtained from the other experts to obtain the

final similarity score, i.e. s(T, V ) = ∑K
i=1 wi(T )si(ETi

, EVi
) + wC(T )sC(T, V ).

Training Loss. As is commonly done for video-text retrieval tasks, we minimise

the Bidirectional Max-margin Ranking Loss [Socher et al. 2014].

2.5 Experiments

2.5.1 Experimental Set-up

We train our model for the task of cross-movie and within-movie retrieval. The

dataset is split into disjoint training, validation and test sets by movie, so that

there are no overlapping movies between the sets. The dataset splits can be seen

in Table 2.3. We report our results on the test set using standard retrieval metrics

including median rank (lower is better), mean rank (lower is better) and R@K

(recall at rank K—higher is better).

Cross-movie Retrieval: For the case of cross-movie retrieval, the metrics are

reported over the entire test set of videos, i.e. given a text query, there is a ‘gallery’

set of 6,581 possible matching videos (Table 2.3). We report R@1, R@5, R@10,

mean and median rank.

Within-movie Retrieval: In order to evaluate the task of within-movie retrieval,
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Table 2.3: Training splits for cross-movie retrieval (left) and within-movie retrieval
(right). For within-movie retrieval, we restrict the dataset to movies which have at least
5 video clips in total.

Cross-Movie Within-Movie
Train Val Test Total Train Val Test Total

#Movies 2,551 358 696 3,605 2,469 341 671 3,481
#Video clips 24,047 3,348 6,581 33,976 23,963 3,315 6,581 33,859

we remove all movies that contain less than 5 video clips from the dataset. For

each query text, the possible gallery set consists only of the videos in the same

movie as the query. In this setting the retrieval metrics are calculated separately

for each movie and then averaged over all movies. We report R@1, mean and

median rank.

2.5.2 Baselines

The E2EWS (End-to-end Weakly Supervised) is a cross-modal retrieval model

trained by [Miech et al. 2020] using weak supervision from a large-scale corpus of

(100 million) instructional videos (using speech content as the supervisory signal).

We use the video and text encoders without any form of fine-tuning on Condensed

Movies, to demonstrate the widely different domain of our dataset.

TheMoEE (Mixture of Embedded Experts) model proposed by [Miech et al. 2018]

comprises a multi-modal video model in combination with a system of context gates

that learn to fuse together different pretrained experts.

The CE model [Y. Liu et al. 2019] similarly learns a cross-modal embedding by

fusing together a collection of pretrained experts to form a video encoder, albeit

with pairwise relation network sub-architectures. It represents the state-of-the-art

on several retrieval benchmarks.

Context Boosting Module: Finally, we report results with the addition of our

Context Boosting module to both MoEE and CE. We use the fact that the video

clips in our dataset are ordered by the time they appear in the movie, and encode

previous and future ‘key scenes’ in the movie along with every video clip using the

CBM. An ablation on the number of clips encoded for context can be found in the

supplementary material.

We finally show the results of an ablation study demonstrating the importance
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of different experts for this task on the task of cross-movie retrieval.

In the next sections, we first describe the implementation details of our models

and then discuss quantitative and qualitative results.

2.5.3 Implementation Details

Expert Features: In order to capture the rich content of a video, we draw on

existing powerful representations for a number of different semantic tasks. These

are first extracted at a frame-level, then aggregated by taking the mean to produce

a single feature vector per modality per video.

RGB object frame-level embeddings of the visual data are generated with an

SENet-154 model [J. Hu et al. 2019] pretrained on ImageNet for the task of im-

age classification. Frames are extracted at 25 fps, where each frame is resized to

224× 224 pixels. Features collected have a dimensionality of 2048.

Motion embeddings are generated using the I3D inception model [Carreira and

Zisserman 2017] trained on Kinetics [Kay et al. 2017], following the procedure de-

scribed by [Carreira and Zisserman 2017].

Face embeddings for each face track are extracted in three stages: (1) Each frame

is passed through a dual shot face detector [Jian Li et al. 2019] (trained on the

Wider Face dataset [S. Yang et al. 2016]) to extract bounding boxes. (2) Each box

is then passed through an SENet50 [J. Hu et al. 2019] trained on the VGGFace2

dataset [Cao et al. 2018] for the task of face verification, to extract a facial feature

embedding, which is L2 normalised. (3) A simple tracker is used to connect the

bounding boxes temporally within shots into face tracks. Finally the embeddings

for each bounding box within a track are average pooled into a single embedding

per face track, which is again L2 normalised. The tracker uses a weighted combi-

nation of intersection over union and feature similarity (cosine similarity) to link

bounding boxes in consecutive frames.

Subtitles are encoded using BERT embeddings [J. Devlin et al. 2019] averaged

across all words.

Scene features of 2208 dimensions are encoded using a DenseNet161 model [Ian-

dola et al. 2014] pretrained on the Places365 dataset [B. Zhou et al. 2017], applied

to 224× 224 pixel centre crops of frames extracted at 1fps.
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Table 2.4: Cross-movie text-video retrieval results on the CMD test set of 6,581 video
clips, with varying levels of context. Random weights refers to the MoEE model archi-
tecture with random initialization. We report Recall@k (higher is better), Median rank
and Mean rank (lower is better).

Method Recall@1 Recall@5 Recall@10 Median Rank Mean Rank

Random weights 0.0 0.1 0.2 3209 3243.5
E2EWS [Miech et al. 2020] 0.7 2.2 3.7 1130 1705.5
CE [Y. Liu et al. 2019] 2.3 7.4 11.8 190 570.0
MoEE [Miech et al. 2018] 4.7 14.9 22.1 65 285.3
CE + CBM (ours) 3.6 12.0 18.2 103 474.6
MoEE + CBM (ours) 5.6 17.6 26.1 50 243.9

Table 2.5: Within-Movie Retrieval results on the CMD test set. All movies with less
than 5 video clips are removed. Metrics are computed individually for each movie and
then averaged (m-MdR and m-MnR refers to the mean of the median and mean rank
obtained for each movie respectively). R@1 denotes recall@1. We show the results of 3
different variations of embeddings obtained from the character module.

Method m-R@1 m-MdR m-MnR

Random weights 11.1 5.32 5.32
MoEE 38.9 2.20 2.82
MoEE + Character Module [one-hot] 45.5 1.91 2.60
MoEE + Character Module [track-len norm] 46.2 1.88 2.53
MoEE + Character Module [track-freq norm] 47.2 1.85 2.49

Descriptions are encoded using BERT embeddings, providing contextual word-

level features of dimensionsW ×1024 where W is the number of tokens. These are

concatenated and fed to a NetVLAD layer to produce a feature vector of length

of 1024 times the number of NetVLAD clusters for variable length word tokens.

Training details and hyperparameters: All baselines and CBM are imple-

mented with the PyTorch [Paszke et al. 2017] framework, and the optimizer used

is Adam [Kingma and Ba 2014], using a learning rate of 0.001, and a batch size

of 32. The margin hyperparameter m for the bidirectional ranking loss is set to

a value of 0.121, the common projection dimension D to 512, and the description

NetVLAD clusters to 10. For CBM, we select the number of past and future con-

text videos to be N=3, ablations for hyperparameters and using different amounts

of context are given in the supplementary material. Training is stopped when the

validation loss stops decreasing.
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Table 2.6: Expert ablations. The value of different experts in combination with a
baseline for text-video retrieval (left) and (right) their cumulative effect (here Prev.
denotes the experts used in the previous row). R@k: recall@k, MedR: median rank,
MeanR: mean rank

Experts R@1 R@5R@10MedRMeanR Experts R@1 R@5R@10MedRMeanR

Scene 0.8 3.2 5.9 329 776.3 Scene 0.8 3.2 5.9 329 776
Scene+Face 3.7 12.7 19.7 100 443.1 Prev.+Face 3.7 12.7 19.7 100 443.1
Scene+Obj 1.0 4.6 8.0 237 607.8 Prev.+Obj 3.9 13.1 20.5 79 245.5
Scene+Action 1.9 6.4 10.5 193 575.0 Prev.+Action 4.0 14.0 20.4 78 233.3
Scene+Speech 2.3 8.3 12.4 165 534.7 Prev.+Speech 5.6 17.7 25.7 50 243.9

Out on a date with Michael, 
Lelaina gets uncomfortable 
when he gives her a 
compliment and asks about 
her friends.

Bill puts Bobby on the stand, 
and uses a hockey metaphor 
to draw out the truth.

Chucky chases Tyler into a 
haunted house ride at a 
nearby carnival. Right as he 
captures Tyler, he gets half 
his face cut off by an 
automated scythe.

Figure 2.5: Qualitative results of the MoEE+CBM model for cross-movie
retrieval. On the left, we provide the input query, and on the right, we show the top
4 video clips retrieved by our model on the CMD test set. A single frame for each
video clip is shown. The matching clip is highlighted with a green border, while the rest
are highlighted in red (best viewed in colour). Note how our model is able to retrieve
semantic matches for situations (row 1: male/female on a date), high level abstract
concepts (row 2: the words ‘stand’ and ‘truth’ are mentioned in the caption and the
retrieved samples show a courtroom, men delivering speeches and a policeman’s office)
and also notions of violence and objects (row 3: scythe).
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2.5.4 Results

Results for cross-movie retrieval can be seen in Table 2.4. E2EWS performs

poorly, illustrating the domain gap between CMD and generic YouTube videos

from HowTo100M. Both the CE and MoEE baselines perform much better than

random, demonstrating that story-based retrieval is achievable on this dataset.

We show that the Contextual Boost module can be effectively used in conjunction

with existing video retrieval architectures, improving performance for both CE

and MoEE, with the latter being the best performing model. Results for within-

movie retrieval can be seen in Table 2.5. We show that adding in the character

module provides a significant boost (almost a 10% increase in Recall@1 compared

to the MoEE without the character module), with the best results obtained from

normalizing the character embeddings by the track frequency. The value of dif-

ferent experts is assessed in Table 2.6. Since experts such as subtitles and face

are missing for many video clips, we show the performance of individual experts

combined with the ‘scene’ expert features, the expert with the lowest performance

that is consistently available for all clips (as done by [Y. Liu et al. 2019]). In

Table 2.6, right, we show the cumulative effect of adding in the different experts.

The highest boosts are obtained from the face features and the speech features, as

expected, since we hypothesize that these are crucial for following human-centric

storylines. We show qualitative results for our best cross-movie retrieval model

(MoEE + CBM) in Fig. 8.2.

2.6 Plot Alignment

A unique aspect of the Condensed Movies Dataset is the story-level captions ac-

companying the ordered key scenes in the movie. Unlike existing datasets [A.

Rohrbach et al. 2017b] that contain low level visual descriptions of the visual con-

tent, our semantic captions capture key plot elements. To illustrate the new kinds

of capabilities afforded by this aspect, we align the video descriptions to Wikipedia

plot summary sentences using Jumping Dynamic Time Warping [Feng et al. 2010]

of BERT sentence embeddings. This alignment allows us to place each video clip

in the global context of the larger plot of the movie. A qualitative example is
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When swarms of seagulls attack a 
children's birthday party, Melanie and the 
Brenners usher the children inside the 
house to safety. 

Melanie purchases a pair of lovebirds and drives to Mitch's weekend address in 
Bodega Bay to deliver them. Wanting to surprise him, she rents a motorboat so 
she can approach the Brenner house from the bay instead of the road. She 
sneaks the birds inside the house and heads back across the bay. Mitch 
discovers the birds, spots Melanie's boat during her retreat, and drives around 
the bay to meet her. Melanie is attacked and injured by a gull near shore on the 
town side. Mitch treats her abrasion and invites her to dinner; she hesitantly 
agrees.  Melanie gets to know Mitch, his domineering mother Lydia (Jessica 
Tandy), and his younger sister Cathy (Veronica Cartwright). She also befriends 
local schoolteacher Annie Hayworth (Suzanne Pleshette), Mitch's ex-lover. 
While spending the night at Annie's house, she and Annie are startled by a loud 
thud: a gull kills itself by flying into the front door. At Cathy's birthday party 
the next day, the guests are attacked by gulls. The following evening, sparrows 
invade the Brenner home through the chimney.  The next morning, Lydia, a 
widow who still maintains the family farmstead, visits a neighboring farmer to 
discuss the unusual behavior of her chickens. She finds the farmer's eyeless 
corpse, pecked lifeless by birds, and flees in terror. Once home, she finds her...

Melanie  is ambushed by a seagull and 
gets a gash on her head. 

Melanie considers leaving, but her plans 
are cut short when swarms of birds fly 
down the chimney and drive the Brenners 
out of their house.

Plot Synopsis                            Clips

Figure 2.6: A sample Wikipedia movie plot summary (left) aligned with an ordered
sample of clips and their descriptions (right). The alignment was achieved using Jumping
Dynamic Time Warping [Feng et al. 2010] of sentence-level BERT embeddings, note how
the alignment is able to skip a number of peripheral plot sentences.

shown in Fig. 2.6. Future work will incorporate this global context from movie

plots to further improve retrieval performance.

2.7 Conclusion

In this work, we introduce a new and challenging Condensed Movies Dataset

(CMD), containing captioned video clips following succinct and clear storylines

in movies. Our dataset consists of long video clips with high level semantic cap-

tions, annotated face-tracks, and other movie metadata, and is freely available to

the research community. We investigate the task of story-based text retrieval of

these clips, and show that modelling past and previous context improves perfor-

mance. Beside improving retrieval, developing richer models to model longer term

temporal context will also allow us to follow the evolution of relationships [Kukl-

eva et al. 2020a] and higher level semantics in movies, exciting avenues for future

work.
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2.8 Appendix

2.8.1 Dataset

Character Identity Pipeline

We describe in detail the process of building the character embedding bank men-

tioned in Sec. 3.1 of the main paper, and state some figures on the number of

annotations obtained. We follow a three step scalable pipeline to assign character

IDs to each of the face-tracks where possible, crucially without any human anno-

tation. First, we use the cast lists obtained for each of the featured movies from

IMDb to get a total list of 28,379 actor names. Note we use the names of the

actors and not characters (the cast lists provide us with the mapping between the

two). 200 images are then downloaded from image search engines for each of these

names. Faces are detected and face-embeddings extracted for each of the faces

in the downloaded images. Second, we automatically remove embeddings corre-

sponding to false positives from each set of downloaded images. We achieve this by

clustering each of the face-embeddings in the downloaded images into identity clus-

ters (we use agglomerative clustering [Jain and Dubes 1988] with a cosine distance

threshold of 0.763 - embeddings that have a lower similarity than this threshold

are not merged into the same cluster). We make the assumption that the largest

cluster of face-embeddings corresponds to the actor ID that was searched for. If

the largest cluster is smaller than a certain threshold (the value 30 is used3) then

we remove the actor ID with the conclusion that too few images were found online

(commonly the case for relatively unknown cast/crew members). Finally for the

remaining actor IDs, the embeddings in the largest cluster are average pooled and

L2 normalised into a single embedding. This process leaves us with 13,671 cast

members in the character embedding bank. Facetracks are then annotated using the

character embedding bank by assigning a character ID when the cosine similarity

score between a facetrack embedding and character embedding is above a certain

threshold (we use 0.8 as a conservative threshold to prioritize high precision).

The most frequent actors in terms of screen-time automatically labelled by our

method can be found in Fig. 2.7
3 value found empirically using cross-validation on a subset of manually annotated samples
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Figure 2.7: Screen Time of the top 15 most frequent actors recognised by our
character identity pipeline, computed as the total duration of face-tracks.

Aligning Plots to Captions

Aligning video to text has been investigated by a long history of work [Bojanowski

et al. 2015], in particular plot summaries/synopses with films or TV shows [Xiong

et al. 2019]. These works assume complete and ordered data streams of both video

and text, enabling use of the Dynamic Time Warping (DTW) algorithm introduced

in [Sakoe and Chiba 1978], significantly constraining the problem. The text data

for CMD however is Wikipedia plot summaries which do not contain descriptions

of every scene in the movie, but rather succinct sentences describing the important

events in the film. Further, the video in our case is not the full-length movie but

instead key scenes sparsely sampled from the full video. This means that many of

the assumptions of DTW do not hold true.

Instead, we assume that each video clip V should be matched with one plot synop-

sis sentence S. Since for our data |V | < |S|, some plot sentences are not matched

with any video clip, but every video clip does have a matching sentence. This is

setting is handled by Jumping Dynamic Time Warping (JDTW) [Feng et al. 2010].

We randomly sample 100 movies and manually align the movie clips from CMD

to their Wikipedia plot summaries.
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Figure 2.8: Plot Coverage: Cumulative distribution of aligned video clips
and plot synopsis sentences for 100 randomly sampled movies. Normalised
position index indicates their actual index normalised by the total number
of video clips / plot synopsis sentences for the movie.

2.8.2 Experiments

Character Module

The character module, described in Section 4 of the main paper, uses automatically

annotated facetracks in the video and actor names in the text to produce a single

similarity score. An overview of the character module can be found in Fig. 2.9.

Context Ablations

We provide ablations for the best peforming model MoEE + Contextual Boost

Module (CBM) using a variable number of context videos from the past and future,

found in Table 2.7. The results show CBM’s general robustness to the amount of

context. Past context clips generally outperform those from the future, which is

expected due to the causal nature of the story.
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When Detective Austin (Mark 
Harmon) and Colonel Caldwell 
(Sean Connery) have their 
coffee break interrupted by an 
obnoxious man looking for a 
fight (Rick Zumwalt), Colonel 
Caldwell helpfully ...

Figure 2.9: Visual Representation of our Character Module. We show how
our character module matches actor names in the caption (left) to actors identified
from the video clip (right) using our character embeddings banks. In this example,
the video identities are represented by a vector x, where each element xi is the
number of facetracks for identity i, and the caption identities are represented by a
binary vector y, where yi is 1 if identity i is present in the caption and 0 otherwise.

Table 2.7: Context ablations of the best performing model (MoEE + CBM) on the
CMD dataset. Where Px Fy denotes x past clips and y future clips used as input to the
CBM per target video.

Text =⇒ Video
Context R@1 R@5 R@10 MdR MnR

P1 5.4 17.6 25.7 51 260.7
P2 5.0 16.1 24.5 53 250.3
P3 5.6 17.1 25.7 50 253.8
F1 4.5 15.3 23.1 58 258.7
F2 5.1 17.0 25.5 49 248.1
F3 5.4 17.1 25.9 50 247.0

P1F1 5.0 16.4 25.3 51 249.
P3F3 5.6 17.6 26.1 50 243.9
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Chapter 3

Frozen in Time: A Joint Video

and Image Encoder for

End-to-End Retrieval

The paper has been accepted for publication at the International Conference on

Computer Vision (ICCV), 2021.
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Figure 3.1: Joint Image and Video Training: Our dual encoding model con-
sists of a visual encoder for images and video and a text encoder for captions.
Unlike 2D or 3D CNNs, our space-time transformer encoder allows us to train
flexibly on both images and videos with captions jointly, by treating an image as
a single frame video.

Abstract

Our objective in this work is video-text retrieval – in particular a joint

embedding that enables efficient text-to-video retrieval. The challenges

in this area include the design of the visual architecture and the nature

of the training data, in that the available large scale video-text training

datasets, such as HowTo100M, are noisy and hence competitive performance

is achieved only at scale through large amounts of compute.
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We address both these challenges in this paper. We propose an end-

to-end trainable model that is designed to take advantage of both large-

scale image and video captioning datasets. Our model is an adaptation and

extension of the recent ViT and Timesformer architectures, and consists of

attention in both space and time. The model is flexible and can be trained on

both image and video text datasets, either independently or in conjunction.

It is trained with a curriculum learning schedule that begins by treating

images as ‘frozen’ snapshots of video, and then gradually learns to attend

to increasing temporal context when trained on video datasets. We also

provide a new video-text pretraining dataset WebVid-2M, comprised of over

two million videos with weak captions scraped from the internet. Despite

training on datasets that are an order of magnitude smaller, we show that

this approach yields state-of-the-art results on standard downstream video-

retrieval benchmarks including MSR-VTT, MSVD, DiDeMo and LSMDC.

3.1 Introduction

Joint visual-text models have become increasingly popular as they enable a wide

suite of downstream tasks, including text-to-visual retrieval [T.-Y. Lin et al. 2014;

Liwei Wang et al. 2016; Miech et al. 2018; Y. Liu et al. 2019], visual caption-

ing [Vinyals et al. 2016; You et al. 2016; Krishna et al. 2017a], and visual question

and answering [Antol et al. 2015; Lei et al. 2018]. Their rapid development is due

to the usual improvements on three fronts: new neural network architectures (e.g.

transformers [Vaswani et al. 2017] for both text and visual inputs); new large-

scale datasets; and new loss functions that are, for example, able to handle label

noise [Miech et al. 2020]. However, their development mostly proceeds on two

independent tracks: one for images, with its own architectures, training datasets

and benchmarks [T.-Y. Lin et al. 2014; Krishna et al. 2017b; Sharma et al. 2018a];

and the other for videos with a similar separation of training datasets and bench-

marks [J. Xu et al. 2016; Anne Hendricks et al. 2017; Krishna et al. 2017a; A.

Rohrbach et al. 2017b; L. Zhou et al. 2018a; Bain et al. 2020a]. The only common

link between the two is that often video networks are initialized by pre-training

image networks on image datasets [Carreira and Zisserman 2017; Bertasius et al.

2021]. This separation of effort is suboptimal given the overlap in information that
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images and video convey over multiple tasks. For example, although classifying

some human actions requires the temporal ordering of video frames, many actions

can be classified from just their distribution over frames or even from a single

frame [Sevilla-Lara et al. 2021].

In this paper we take a step towards unifying these two tracks, by proposing a dual

encoder architecture which utilises the flexibility of a transformer visual encoder

to train from images-with-captions, from video clips-with-captions, or from both

(Fig. 3.1). We do this by treating images as a special case of videos that are

‘frozen in time’. Using a transformer-based architecture allows us to train with

variable-length sequences, treating an image as if it was a single frame video,

unlike in standard 3D CNNs [Carreira and Zisserman 2017; Hara et al. 2018;

S. Xie et al. 2018] where to train on images jointly with videos one must incur

the cost of actually generating a static video. Furthermore, unlike many recent

methods [Miech et al. 2018; Y. Liu et al. 2019; Gabeur et al. 2020] for video-text

dual encoding, we do not use a set of ‘expert networks’ that are pre-trained on

external image datasets and then fixed, but instead train the model end-to-end.

This end-to-end training is facilitated by scraping the web for a new large-scale

video-text captioning dataset of over two million video alt-text pairs (WebVid-

2M). We also take advantage of large-scale image captioning datasets such as

Conceptual Captions [Sharma et al. 2018a].

We make the following contributions: (i) we propose a new end-to-end model

for video retrieval that does not rely on ‘expert’ features, but instead, inspired

by [Bertasius et al. 2021] employs a transformer architecture with a modified di-

vided space-time attention applied directly to pixels; (ii) because our architecture

can gracefully handle inputs of different lengths, it is versatile and can be flexibly

trained on both video and image datasets (by treating images as a single-frame

video). We build on this flexibility by designing a curriculum learning schedule

that begins with images and then gradually learns to attend to increasing temporal

context when trained on video datasets through temporal embedding interpola-

tion. We show that this increases efficiency, allowing us to train models with far

less GPU time; (iii) we introduce a new dataset called WebVid-2M, consisting of

2.5M video-text pairs scraped from the web; and finally (iv) we achieve state-of-

the-art performance by only using the video modality on MSR-VTT [J. Xu et al.
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2016], MSVD [D. Chen and Dolan 2011], DiDeMo [Anne Hendricks et al. 2017] and

LSMDC [A. Rohrbach et al. 2017b] – outperforming works that use pre-extracted

experts from multiple modalities, as well as those that are pretrained on the noisy

HowTo100M, which is 20x larger than our dataset in the number of video-text

pairs.

3.2 Related Works

Pretraining for video-text retrieval. Given that most video-text retrieval

datasets tend to be small-scale, the dominant paradigm for video retrieval has

been to use a combination of pre-extracted features from ‘expert’ models, includ-

ing models trained for various diverse tasks and on multiple modalities such as

face, scene and object recognition, action classification and sound classification.

MoEE [Miech et al. 2018], CE [Y. Liu et al. 2019], MMT [Gabeur et al. 2020]

and concurrent work HiT [Song Liu et al. 2021] all follow this paradigm, with the

overall similarity for a video-text pair obtained as a weighted sum of each expert’s

similarity with the text.

However, since the release of the HowTo100M dataset [Miech et al. 2019], a large-

scale instructional video dataset, there has been a flurry of works leveraging large-

scale pretraining to improve video-text representations for tasks such as video

question-answering [Seo et al. 2021], text-video retrieval [Patrick et al. 2020] and

video captioning [L. Zhou et al. 2018c]. Although semantically rich and diverse,

text supervision from instructional videos is extremely noisy, and hence incurs

a large computational cost, as scale is required for competitive results. A few

approaches have been proposed to combat the noise – e.g. using loss functions

such as MIL-NCE [Miech et al. 2020] or using the raw audio [Alayrac et al. 2020;

Rouditchenko et al. 2020] directly to increase robustness. Given the large size

of existing image-captioning datasets, some have naturally tried to overcome the

lack of video-caption training data with joint image-text pretraining (such as in

MoEE [Miech et al. 2018] and ClipBERT [Lei et al. 2021]). MoEE [Miech et al.

2018] trains on images jointly by feeding in zeros to all expert streams that require

videos, such as the motion and audio features, while ClipBERT [Lei et al. 2021]

restricts their feature extractors to 2D CNNs. Instead we propose an elegant
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transformer-based encoder that works well with either images or videos and can

be trained effectively on both.

Similar to our work, although only suitable for images is CLIP [Radford et al.

2021], which learns an effective joint image-text representation from millions of

text-image pairs scraped from the internet using contrastive loss.

End-to-end video representation learning. A large number of architectural

developments have been driven by action recognition on datasets such as Kinet-

ics [Kay et al. 2017] where manual labelling has been relatively easier than ob-

taining textual descriptions for datasets. For a long time this space was domi-

nated by spatio-temporal CNNs such as I3D [Carreira and Zisserman 2017], 3D

ResNets [Hara et al. 2018], S3D [S. Xie et al. 2018] or ‘R(2+1)D’ CNNs [D. Tran

et al. 2018]. Here, images are used simply to initialise video models, through in-

flation [Carreira and Zisserman 2017]. Multigrid scheduling has been proposed for

efficient training [C.-Y. Wu et al. 2020].

Transformers for vision. A number of works use self-attention for images, either

in combination with convolutions [Xiaolong Wang et al. 2018; Vaswani et al. 2017;

Han Hu et al. 2018; Carion et al. 2020] or even replacing them entirely.

Works that use only self-attention blocks tend to apply them at an individual

pixel level [Parmar et al. 2018; Ramachandran et al. 2019; Cordonnier et al. 2019],

often requiring tricks to ensure computational tractability, including restricting

the scope of self-attention to a local neighbourhood [Ramachandran et al. 2019],

adding global self-attention on heavily downsized versions, or sparse key-value

sampling [Child et al. 2019]. To increase efficiency, ViT [Dosovitskiy et al. 2021]

decompose images into a sequence of patches and then feeds linear embeddings of

these patches as inputs to a transformer, effectively adding a single convolutional

layer to the image at the start. This idea has been extended in DeiT [Touvron et al.

2020]. For video, previous works also employ self-attention blocks together with

CNN layers, for action recognition [Girdhar et al. 2017] and video classification [Y.

Chen et al. 2018].

In contrast, our architecture consists entirely of self-attention units and is heavily

inspired by ViT [Dosovitskiy et al. 2021] and particularly the Timesformer [Berta-

sius et al. 2021], which uses divided space and time attention. Unlike these works,
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we use expandable temporal embeddings to allow flexible training of variable-

length videos and images both jointly and separately. We are unaware of any

previous works that use self-attention to train on both images and videos in the

same model.

3.3 Method

In this section, we describe our transformer-based spatio-temporal model architec-

ture (Section 3.3.1), and our training strategy (Section 3.3.2).

3.3.1 Model Architecture

Input. The visual encoder takes as input an image or video clip X ∈ RM×3×H×W

consisting of M frames of resolution H ×W , where M = 1 for images. The text

encoder takes as input a tokenised sequence of words.

Spatio-temporal patches. Following the protocol in ViT and Timesformer [Berta-

sius et al. 2021], the input video clip is divided intoM×N non-overlapping spatio-

temporal patches of size P × P , where N = HW/P 2.

Transformer input. The patches x ∈ RM×N×3×P×P are fed through a 2D con-

volutional layer and the output is flattened, forming a sequence of embeddings

z ∈ RMN×D for input to the transformer, where D depends of the number of

kernels in the convolutional layer.

Learned temporal and spatial positional embeddings, Es ∈ RN×D, Et ∈ RM×D

are added to each input token:

z(0)
p,m = zp,m + Es

p + Et
m, (3.1)

such that all patches within a given frame m (but different spatial locations)

are given the same temporal positional embedding Et
m, and all patches in the

same spatial location (but different frames) are given the same spatial positional

embedding Es
p. Thus enabling the model to ascertain the temporal and spatial

position of patches.
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In addition, a learned [CLS] token [J. Devlin et al. 2019] is concatenated to the

beginning of the sequence, which is used to produce the final visual embedding

output embedding of the transformer.

Space-time self-attention blocks. The video sequence is fed into a stack of

space-time transformer blocks. We make a minor modification to the Divided

Space-Time attention introduced by [Bertasius et al. 2021], by replacing the resid-

ual connection between the block input and the temporal attention output with

a residual connection between the block input and the spatial attention output

(see Section 3.7.3 of the Appendix for details). Each block sequentially performs

temporal self-attention and then spatial self-attention on the output of previous

block. The video clip embedding is obtained from the [CLS] token of the final

block.

Text encoding. The text encoder architecture is a multi-layer bidirectional trans-

former encoder, which has shown great success in natural language processing

tasks [J. Devlin et al. 2019]. For the final text encoding, we use the [CLS] token

output of the final layer.

Projection to common text-video space. Both text and video encodings

are projected to a common dimension via single linear layers. We compute the

simliarity between text and video by performing the dot product between the two

projected embeddings.

Efficiency. Our model has independent dual encoder pathways (such as in MIL-

NCE [Miech et al. 2020] and MMV networks [Alayrac et al. 2020]), requiring only

the dot product between the video and text embeddings. This ensures retrieval

inference is of trivial cost since it is indexable, i.e. it allows application of fast

approximate nearest neighbour search, and is scalable to very large scale retrieval

at inference time. Given t text queries and v videos in a target gallery, our retrieval

complexity is O(t+ v). In contrast, ClipBERT [Lei et al. 2021] which inputs both

text and video as input to a single encoder, has retrieval complexity O(tv) since

every text-video combination must be inputted to the model. Other expert-based

retrieval methods such as MoEE [Miech et al. 2018], CE [Y. Liu et al. 2019] and

MMT [Gabeur et al. 2020] also contain a dual encoder pathway, however they still

require query-conditioned weights to compute the similarity scores for each expert,
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while our model does not.

3.3.2 Training Strategy

Loss. We employ [A. Zhai and H.-Y. Wu 2019] in a retrieval setting, where match-

ing text-video pairs in the batch are treated as positives, and all other pairwise

combinations in the batch are treated as negatives. We minimise the sum of two

losses, video-to-text and text-to-video:

Lv2t = − 1
B

B∑
i

log exp(x>i yi/σ)∑B
j=1 exp(x>i yj/σ)

(3.2)

Lt2v = − 1
B

B∑
i

log exp(y>i xi/σ)∑B
j=1 exp(y>i xj/σ)

(3.3)

where xi and yj are the normalized embeddings of i-th video and the j-th text

respectively in a batch of size B and σ is the temperature.

Joint image-video training. In this work, we train jointly on both image-

text pairs as well as video-text pairs, taking advantage of both for larger-scale

pretraining. Our joint training strategy involves alternating batches between the

image and video datasets. Since the attention mechanism scales with the square

of input frames O(M2), the alternate batch training allows the image batches

(M = 1) to be far greater in size.

Weight initialisation and pretraining. Following [Bertasius et al. 2021], we

initialise the spatial attention weights in the space-time transformer model with

ViT [Dosovitskiy et al. 2021] weights trained on ImageNet-21k, and initialise the

temporal attention weights to zero. The residual connections mean that under

these initialisation settings, the model is at first equivalent to ViT over each input

frame – thereby allowing the model to learn to attend to time gradually as train-

ing progresses. Since transformer architectures have demonstrated most of their

success from large-scale pretraining, we utilise two large-scale text-image/video

datasets with a joint training strategy, resulting in large improvements in perfor-

mance.

Temporal curriculum learning. The space-time transformer architecture al-

lows a variable length input sequence and therefore a variable number of input
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video frames. If the model has only trained on videos up to length m however,

then the temporal positional embedding Et will only be learned up to Et
:m. There-

fore, applying the model to input video of sequences up to length M will result

the addition of Et
m:M , which would not yet be learned.

Two temporal expansion methods are investigated: interpolation and zero-padding.

Zeros can be filled in, 0→ Et
m:M , allowing the model to learn the additional tem-

poral positions from scratch during training. Alternatively, interpolation could be

used to upsample the temporal embeddings in the temporal dimension, Et
:m →

Et
:M . We investigate two methods of interpolation: nearest neighbour and bilin-

ear. The effects of these different initialisations can be found in the Appendix,

Section 3.7.3.

We employ this expansion strategy in order to perform curriculum learning in

the number of input frames. Initially training on fewer frames has drastic sav-

ings in computation, whilst having comparable or even better performance (see

Section 3.4.5).

Frame sampling. Given a video containing L frames, we subdivide it into M

equal segments where M is the desired number of frames for the video encoder.

During training, we sample a single frame uniformly from each segment (in a

similar manner to TSN [L. Wang et al. 2019] and GST [C. Luo and Yuille 2019]).

At test time, we sample the ith frame in every segment, to get a video embedding

vi. The values for i are determine using a stride S, resulting in an array of video

embeddings v = [v0, vS, v2S, vM ]. The mean of these video embeddings is used as

the final embedding for the video.
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“Lonely beautiful
woman sitting on the
tent looking outside.
wind on the hair and
camping on the beach
near the colors of
water and shore. free-
dom and alternative
tiny house for traveler
lady drinking"

“Billiards, concen-
trated young woman
playing in club"

“Female cop talking
on walkie-talkie,
responding emer-
gency call, crime
prevention”

“Get anchor for
departure safari dive
boat scuba diving
maldives"

Figure 3.2: Example video-caption pairs from the WebVid2M dataset:
Note the different captioning styles: from left to right, captions can be (i) long,
slightly poetic, with disjoint sentences and phrases, (ii) succint and to the point,
(iii) have a less defined sentence structure with keywords appended to the end,
(iv) mention specific places (‘maldives’). We show two randomly sampled frames
for each video.

3.4 Experiments

We first describe the pretraining datasets including our WebVid-2M video-text

dataset (Section 3.4.1), followed by the downstream datasets used for the evalua-

tions in our experiments (Section 3.4.2). We then describe implementation details

of our model (Section 3.4.3). Next, we ablate various training components on

the MSR-VTT dataset, in particular the effects of pretraining and our space-

time attention modification (Section 4.4.4), and our proposed curriculum strategy

(Section 3.4.5). Then, we compare to the state of the art on four benchmarks:

MSR-VTT, MSVD, DiDeMo and LSMDC (Section 3.4.6).

3.4.1 Pretraining Datasets

We jointly pretrain our model on image and video data.

Video pretraining: The WebVid-2M Dataset. We scrape the web for a new

dataset of videos with textual description annotations, called WebVid-2M. Our

dataset consists of 2.5M video-text pairs, which is an order of magnitude larger

than existing video captioning datasets (see Table 3.1).

The data was scraped from the web following a similar procedure to Google Con-
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ceptual Captions [Sharma et al. 2018a] (CC3M). We note that more than 10% of

CC3M images are in fact thumbnails from videos, which motivates us to use such

video sources to scrape a total of 2.5M text-video pairs. The use of data collected

for this study is authorised via the Intellectual Property Office’s Exceptions to

Copyright for Non-Commercial Research and Private Study1. We are currently

performing further analysis of the dataset on its diversity and fairness.

Figure 3.2 provides sample video-caption pairs. There are a variety of different

styles used in caption creation, as can be seen from Figure 3.2 (left to right) where

the first video has a longer, poetic description compared to the succinct description

for the second video. The third video caption has a less defined sentence structure,

with keywords appended to the end, while the fourth video mentions a specific

place (maldives). Time-specific information is important for the second and third

example, where details such as “talking on walkie-talkie” or “playing billiards”

would be missed when looking at certain frames independently.

Table 3.1: Dataset Statistics: We train on a new dataset mined from the web
called WebVid2M. Our dataset is an order of magnitude larger than existing video-
text datasets in the number of videos and captions. HowTo100M (highlighted in
blue) is a video dataset with noisy, weakly linked text supervision from ASR.

dataset domain #clips avg dur.
(secs) #sent time

(hrs)

MPII Cook [M. Rohrbach et al. 2012] cooking 44 600 6K 8
TACos [Regneri et al. 2013] cooking 7K 360 18K 15.9
DideMo [Anne Hendricks et al. 2017] flickr 27K 28 41K 87
MSR-VTT [J. Xu et al. 2016] youtube 10K 15 200K 40
Charades [Sigurdsson et al. 2016a] home 10K 30 16K 82
LSMDC15 [A. Rohrbach et al. 2017b] movies 118K 4.8 118K 158
YouCook II [L. Zhou et al. 2018a] cooking 14K 316 14K 176
ActivityNet [Krishna et al. 2017a] youtube 100K 180 100K 849
CMD [Bain et al. 2020a] movies 34K 132 34K 1.3K
WebVid-2M open 2.5M 18 2.5M 13K
HT100M [Miech et al. 2019] instruction 136M 4 136M 134.5K

We note that our video dataset is 10x smaller than HowTo100M in video duration

and over 20x smaller in the number of paired clip-captions (Table 3.1). Our dataset

consists of manually generated captions, that are for the most part well formed

sentences. In contrast, HowTo100M is generated from continuous narration with

incomplete sentences that lack punctuation. The clip-text pairs are obtained from

subtitles and may not be temporally aligned with the video they refer to, or indeed
1www.gov.uk/guidance/exceptions-to-copyright/
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may not refer to the video at all [Miech et al. 2019]. Our captions, on the other

hand, are aligned with the video and describe visual content.

Moreover, there is no noise from imperfect ASR transcription and grammatical

errors as is the case for HowTo100M. Our dataset also has longer captions on

average (12 vs 4 words for HowTo) which are more diverse (Measure of Textual

Lexical Diversity, MTLD [McCarthy and Jarvis 2010] = 203 vs 13.5).

Image pretraining: Google Conceptual Captions [Sharma et al. 2018a].

This dataset consists of about 3.3M image and description pairs. Unlike the cu-

rated style of COCO images, Conceptual Captions (CC3M) images and their raw

descriptions are harvested from the web, and therefore represent a wider variety

of styles. The raw descriptions are harvested from the Alt-text HTML attribute

associated with web images.

3.4.2 Downstream Datasets

We now describe the downstream text-video datasets that our model is evaluated

on.

MSR-VTT [J. Xu et al. 2016] contains 10K YouTube videos with 200K de-

scriptions. Following other works [Y. Liu et al. 2019], we train on 9K train+val

videos and report results on the 1K-A test set.

MSVD [D. Chen and Dolan 2011] consists of 80K English descriptions for

1,970 videos from YouTube, with each video containing 40 sentences each. We

use the standard split of 1200, 100, and 670 videos for training, validation, and

testing [Patrick et al. 2020; Y. Liu et al. 2019].

DiDeMo [Anne Hendricks et al. 2017] contains 10K Flickr videos annotated

with 40K sentences. Following [Lei et al. 2021; Y. Liu et al. 2019], we evalu-

ate paragraph-to-video retrieval, where all sentence descriptions for a video are

concatenated into a single query. Since this dataset comes with localisation anno-

tations (ground truth proposals), we report results with ground truth proposals

(where only the localised moments in the video are concatenated and used in the

retrieval set as done by [Lei et al. 2021]) as well as without (as done by [Y. Liu

et al. 2019]).
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LSMDC [A. Rohrbach et al. 2015a] consists of 118,081 video clips sourced

from 202 movies. The validation set contains 7,408 clips and evaluation is done

on a test set of 1,000 videos from movies disjoint from the train and val sets. This

follows the protocol outlined in [A. Rohrbach et al. 2017b].

ActivityNet Captions [Krishna et al. 2017a] contains 20K YouTube videos

focused on actions, annotated with 100K sentences. The training set consists of

10K videos, and we use the ‘val1’ set of 4.9K videos to report results. At test time

we use paragraph-to-video retrieval as is standard protocol set by other works,

where the segment descriptions are concatenated to give a video-level description.

Flickr30K [Young et al. 2014]. We also evaluate on a text-to-image retrieval

benchmark to demonstrate the versatility of our model in that it can be used to

achieve competitive performance in image settings as well as state-of-the art in

video retrieval. The Flickr30K dataset contains 31,783 images with 5 captions

per image. We follow the standard protocol of 1,000 images for validation, 1,000

images for testing and the remaining for training.

For downstream datasets with separate val and test splits, we train all models

for 75 epochs and use the epoch with the lowest validation loss for reporting test

results. For downstream datasets without a val set we report results at 50 epochs.

3.4.3 Implementation Details

All experiments are conducted with PyTorch [Paszke et al. 2019]. Optimization is

performed with Adam, using a learning rate of 1×10−5, we use batch sizes of 16, 24,

and 96 for 8, 4, and 1-frame inputs respectively. The temperature hyperparameter

σ for the loss defined in Eq. 3.2 & 3.3 is set to 0.05. The default pretraining is

WebVid-2M and CC3M.

For the visual encoder, all models have the following: |`| = 12 attention blocks,

patch size P = 16, sequence dimension D = 768, 12 heads and takes 4-frames as

downstream input.

The text encoder of all models, unless specified otherwise, is instantiated as Dis-

tilBERT base-uncased [Sanh et al. 2019] pretrained on English Wikipedia and

Toronto Book Corpus. The dimensionality of the common text-video space is set
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Table 3.2: Pretraining sources: The effect of different pretraining sources. We
use 4 frames per video in both pretraining and finetuning. Pretraining is performed
for 1 full epoch only. Results are presented on the 1K-A MSR-VTT test set for
text-video retrieval. R@k: Recall@K. MedR: Median Rank

Pre-training #pairs R@1 R@10 MedR

- - 5.6 22.3 55
ImageNet 15.2 54.4 9.0
HowTo-17M subset 17.1M 24.1 63.9 5.0
CC3M 3.0M 24.5 62.7 5.0
WebVid2M 2.5M 26.0 64.9 5.0
CC3M + WebVid2M 5.5M 27.3 68.1 4.0

to 256. For visual augmentation, we randomly crop and horizontally flip during

training, and center crop the maximal square crop at test time. All videos are

resized to 224 × 224 as input. At test-time we compute clip-embeddings for the

video with a stride of 2 seconds. For paragraph-retrieval settings, we employ text

augmentation during training by randomly sampling and concatenating a variable

number of corresponding captions per video.

Finetuning time. A large motivation for using pre-extracted expert models for

video retrieval is to save computational cost. Finetuning our 4-frame model for

50 epochs on MSR-VTT takes 10 hours on 2 Quadro RTX 6000k GPUs (with

24GB RAM each), which is similar to other works using pre-extracted expert fea-

tures [Patrick et al. 2020]. This shows that our model is lightweight and can

be finetuned end-to-end on the downstream video datasets quickly with sufficient

pretraining (which is of one-time cost).

3.4.4 Ablation Study

In this section we study the effect of different pretraining strategies. In the Sec-

tion 3.7.3 of the Appendix, we provide architectural ablations on different temporal

expansion methods, different visual backbones, different text backbones and the

improvement when using our modified space-time attention block.

Effect of pretraining. We compare performance on MSR-VTT with our model

(i) trained from scratch, (ii) initialised with ImageNet weights and then finetuned,

as well as (iii) initalised with ImageNet, and then pretrained on a number of

different visual-text datasets before finetuning. For the video data, 4 frames are
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sampled at both pretraining and finetuning. Results on the MSR-VTT 1KA test

set are shown in Table 3.2. For HowTo100M, we pretrain on a random 17M subset

due to computational constraints (the largest subset we could obtain at the time of

writing) totalling 19K hours. To generate text-video pairs, we sample 5 contiguous

speech-video pairs and concatenate them to form a longer video. This allows for

robustness to the noisy alignment of speech and vision. We find that training on

CC3M alone does reasonably well, outperforming the HowTo-17M subset. This

demonstrates the benefit of our flexible encoder that can be cheaply trained on

images and easily applied to videos. Training on WebVid2M also outperforms

training on the HowTo17M subset, despite being much smaller, confirming that

the HowTo100M dataset is noisy. The best performance is achieved by jointly

training on both CC3M and WebVid2M, effectively exploiting image and video

data.

3.4.5 Curriculum strategy

Next, we evaluate the ability of our curriculum schedule to gradually learn the

temporal dimension of videos by increasing the input number of frames. Table 3.3

summarises the results. Here, we show performance when pretraining on Web-

Vid2M and finetuning on MSR-VTT. We explore two types of expansion in time:

at pretraining and at finetuning stages. First, we observe that a single frame is

not sufficient to capture the video content (18.8 R@1). Performing the temporal

expansion at pretraining stage is better than doing so at finetuning (26.0 vs 24.9

R@1 with 4 frames). Finally, we obtain similar performance (slightly better at

R@5) at half the computational cost in GPU hours by employing a curriculum

strategy at pretraining (26.6 R@1). For 8 frames, the curriculum is even more

useful, as we start training on 1 frame and then move to 4 before finally moving

to 8 frames. Here, we obtain similar or better performance than training on 8

frames from the start, with almost a third of the computational cost. This is to

be expected, as fewer frames significantly reduces forward pass times and enables

larger batch sizes. Note that for a fair comparison, we allow the same number of

training iterations for each row in the table. We further analyse our proposed tem-

poral curriculum strategy and its effects on training time and accuracy. Figure 3.3

shows the zero-shot results on MSR-VTT for various checkpoints with and with-
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Table 3.3: Effect of #frames and curriculum learning: The effect of a
different number of input frames at pretraining and finetuning. ⇒ indicates a
within-dataset curriculum learning strategy. Results are presented on the 1K-A
MSR-VTT test set for text-video retrieval. Pretraining here is done on WebVid2M
only, with a total budget of one epoch through the entire dataset. PTT: total
pretraining time in hours.

PT #frames FT #frames R@1 R@10 MedR PTT (hrs)
1 1 18.8 56.6 7.0 16.2

1 4 24.9 67.1 5.0 16.2
4 4 26.0 64.9 5.0 45.6

1⇒4 4 26.6 65.5 5.0 22.1

8 8 25.4 67.3 4.0 98.0
1⇒4⇒8 8 27.4 67.3 4.0 36.0

out curriculum. It shows that our curriculum method yields a significant training

speedup with a gain in accuracy. Shorter frame models are able to pass through

more of the dataset in a shorter amount of time, which can lead to significant

performance benefits in a constrained setting.

Expansion of temporal embeddings. We experiment with both zero padding

and interpolation, and find that our model is robust to the type of temporal expan-

sion strategy. More detailed results are provided in the Appendix, Section 3.7.3.

3.4.6 Comparison to the State of the Art

Results on MSR-VTT can be seen in Table 3.4. We outperform all previous works,

including many that pretrain on HowTo100M which is an order of magnitude larger

than our pretraining dataset both in the number of hours (135K vs 13K) and in the

number of caption-clip pairs (136M vs 5.5M). We also note that we outperform

works that extract expert features (CE uses 9 experts, MMT uses 7) including

object, motion, face, scene, sound and speech embeddings. We even outperfor-

m/perform on par with Support Set [Patrick et al. 2020], which uses expert fea-

tures from a 34-layer, R(2+1)-D model pretrained on IG65M, concatenated with

ImageNet ResNet152 features, after which they add a transformer network and

train end-to-end on HowTo100M.

We also report zero-shot results (Table 3.4) with no finetuning on MSR-VTT,
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Figure 3.3: Plot showing the zero-shot performance (geometric mean of R@1,5,10)
of various models on the MSR-VTT test set against their total training time in
hours. ⇒ denotes a curriculum learning strategy. × denotes the multiple of dataset
epochs completed.

outperforming both MIL-NCE and Support Set that trains on HowTo100M. This

shows that our model is more generalisable, and can be used out of the box, and

also perhaps that the domain of WebVid-2M is closer to that of MSR-VTT than

HowTo100M. We will release the weights of our models publicly.

For both the zero-shot and finetuned setting we show that the addition of the

COCO Captions image dataset further boosts our state-of-the-art MSR-VTT per-

formance, indicating that the model is not yet saturated and additional pretraining

dataset will lead to even better downstream performance.

For MSVD [D. Chen and Dolan 2011], we outperform all previous methods (Table

3.5). In particular, we outperform Support Set [Patrick et al. 2020] even though

they train on an order of magnitude more data.

Results on DiDeMo can be found in Table 3.6. Note that on this dataset, our

zero-shot performance is equivalent to CLIPBERT’s results with finetuning, and

after we finetune our model on the DiDeMo training set we get an additional 14.2%

boost in R@1.

We demonstrate further state-of-the-art results on LSMDC text-to-video retrieval.

We outperform all previous methods, except for MMT in Median Rank, which

pretrains on HowTo100M, a dataset consisting of over 100M clip-text pairs and
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Table 3.4: Comparison to state-of-the-art results on MSR-VTT for text-to-video
retrieval, 1k-A split. †E2E: Works trained on pixels directly, without using pre-
extracted expert features trained for other tasks. Vis Enc. Init.: Datasets used
for pretraining visual encoders for tasks other than visual-text retrieval, eg object
classification. Visual-Text PT: Visual-text pretraining data. Rows highlighted
in blue use additional modalities such as sound and speech from the MSR-VTT
test videos. † Object, Motion, Face, Scene, Speech, OCR and Sound classification
features.

Method E2E†Vis Enc. Init. Visual-Text PT #pairs PTR@1R@5R@10MedR

JSFusion [Y. Yu et al. 2018] X - - - 10.2 31.2 43.2 13.0
HT MIL-NCE [Miech et al. 2019] X - HT100M 136M 14.9 40.2 52.8 9.0
ActBERT [L. Zhu and Y. Yang 2020] X VG HT100M 136M 16.3 42.8 56.9 10.0
HERO [L. Li et al. 2020] X IN1k,K400 HT100M 136M 16.8 43.4 57.7 -
VidTranslate [Korbar et al. 2020] X IG65M HT100M 136M 14.7 - 52.8
NoiseEst. [Amrani et al. 2020] 7 IN1k,K400 HT100M 136M 17.4 41.6 53.6 8.0
CE [Y. Liu et al. 2019] 7 Experts† - 20.9 48.8 62.4 6.0
UniVL [H. Luo et al. 2020] 7 - HT100M 136M 21.2 49.6 63.1 6.0
ClipBERT [Lei et al. 2021] X - COCO,VG 5.6M 22.0 46.8 59.9 6.0
AVLnet [Rouditchenko et al. 2020] 7 IN1k,K400 HT100M 136M 27.1 55.6 66.6 4.0
MMT [Gabeur et al. 2020] 7 Experts† HT100M 136M 26.6 57.1 69.6 4.0
T2VLAD [Xiaohan Wang et al. 2021a] 7 Experts† - 29.5 59.0 70.1 4.0
Support Set [Patrick et al. 2020] 7 IG65M,IN1k - - 27.4 56.3 67.7 3.0
Support Set [Patrick et al. 2020] 7 IG65M,IN1k HT100M 136M 30.1 58.5 69.3 3.0
Ours X IN1k CC3M 3M 25.5 54.5 66.1 4.0
Ours X IN1k CC3M,WV2M 5.5M 31.0 59.5 70.5 3.0
Ours X IN1k CC3M,WV2M,COCO 6.1M 32.5 61.5 71.2 3.0

Zero-shot

HT MIL-NCE [Miech et al. 2019] X - HT100M 136M 7.5 21.2 29.6 38.0
SupportSet [Patrick et al. 2020] IG65M,IN1k HT100M 136M 8.7 23.0 31.1 31.0
Ours X IN1k CC3M,WV2M 5.5M 23.2 44.6 56.6 7.0
Ours X IN1k CC3M,WV2M,COCO 6.1M 24.7 46.9 57.2 7.0

contains multiple experts as well as audio modalities. Our model uses visual

information alone.

To demonstrate the effectiveness of our model for downstream video and image

tasks, we additionally report results on Flickr30K the image retrieval dataset in

Table 3.8. Unlike other works [Lee et al. 2018; Hui Chen et al. 2020; Diao et al.

2021] which utilise high resolution regions extracted using a Faster-RCNN detector,

our model is single stage and does not require any object detections. We compare to

works with a similar number of training image-text pairs, and find that our model

Table 3.5: Text-to-video retrieval results on the MSVD [D. Chen and Dolan 2011]
test set.

Method R@1 R@5 R@10 MedR

VSE [Kiros et al. 2014] 12.3 30.1 42.3 14.0
VSE++ [Faghri et al. 2017] 15.4 39.6 53.0 9.0
Multi. Cues [Mithun et al. 2018] 20.3 47.8 61.1 6.0
CE [Y. Liu et al. 2019] 19.8 49.0 63.8 6.0
Support Set [Patrick et al. 2020] 23.0 52.8 65.8 5.0
Support Set [Patrick et al. 2020] (HowTo PT) 28.4 60.0 72.9 4.0
Ours 33.7 64.7 76.3 3.0
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Table 3.6: Text-to-video retrieval results on the DiDeMo test set. We show results
with and without ground truth proposals (GT prop.) as well as with finetuning
and without (zero-shot).

Method GT prop. R@1 R@5 R@10 MedR

S2VT [Venugopalan et al. 2014] 11.9 33.6 - 13.0
FSE [B. Zhang et al. 2018] 13.9 36.0 - 11.0
CE [Y. Liu et al. 2019] 16.1 41.1 - 8.3
ClipBERT [Lei et al. 2021] X 20.4 44.5 56.7 7.0
Ours 31.0 59.8 72.4 3.0
Ours X 34.6 65.0 74.7 3.0

Zero-shot

Ours 21.1 46.0 56.2 7.0
Ours X 20.2 46.4 58.5 7.0

Table 3.7: Text-to-video retrieval results on the LSMDC test set.

Method R@1 R@5 R@10 MedR

JSFusion [Y. Yu et al. 2018] 9.1 21.2 34.1 36.0
MEE [Miech et al. 2018] 9.3 25.1 33.4 27.0
CE [Y. Liu et al. 2019] 11.2 26.9 34.8 25.3
MMT (HowTo100M) [Gabeur et al. 2020] 12.9 29.9 40.1 19.3
Ours 15.0 30.8 40.3 20.0

is comparable. We also note that training on WebVid2M provides a sizeable boost

(5% improvement in R@1). Note that there are other recent text-image works

such as UNITER [Y.-C. Chen et al. 2020] and OSCAR [X. Li et al. 2020], however

these are trained on almost twice the number of samples. Recent works scale this

up even further to billions of samples (ALIGN [C. Jia et al. 2021]).

Table 3.8: Text-to-image retrieval results on the Flickr30K test set. ++ indicates
additional datasets: COCO Captions, SBU Captions. VisGenObjects denotes
Visual Genome object bounding box annotations used to pretrain an FRCNN
object feature extractor.

Method Vis PT. size R@1 R@5 R@10

SCANM [Lee et al. 2018] VisGenObj (3.8M) 48.6 77.7 85.2
IMRAM [Hui Chen et al. 2020] VisGenObj (3.8M) 53.9 79.4 87.2
SGRAF [Diao et al. 2021] VisGenObj (3.8M) 58.5 83.0 88.8
Ours CC (3.0M) 54.2 83.2 89.8
Ours CC,WV-2M (5.5M) 61.0 87.5 92.7
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3.5 Extension: Scaling up Further

To investigate the effects of downstream performance on additional pretraining

datasets and increased scale, we train models on the following datasets:

WebVid-10M: An extension to our WebVid-2M dataset, we increase the size

of the dataset fourfold to 10 million text-video pairs, following the same data

collection protocol. The captions and video url’s can also be found at https:

//m-bain.github.io/webvid-dataset/.

Conceptual-Captions 12M [Changpinyo et al. 2021]: A dataset compris-

ing of 12 million captioned images, intended for large-scale vision language pre-

training. It is larger and more diverse than the Conceptual Captions (CC3M),

albeit with noisier captions.

COCO Captions [X. Chen et al. 2015]: A smaller dataset of 113.3k images

with five captions per image, resulting in a total of 567k image-text pairs.

Downstream performance of these additional datasets can be found in Table 3.9.

We find that restricting the model’s pretraining to only a small number of text-

image pairs (COCO Captions) expectedly performs worse on downstream data,

but still achieves competitive results. Thereby demonstrating the strength of our

proposed method and that reasonable performance can be achieved on downstream

video data with image pretraining alone.

Increasing the number of pretraining pairs consistently improves downstream per-

formance, albeit with diminishing returns. It appears to be more efficient to add

smaller datasets from diverse sources rather than add an increasingly larger dataset

Table 3.9: Pretraining sources extended: The effect of different other pretrain-
ing sources. We use 4 frames per video when finetuning. Results are presented on
the 1K-A MSR-VTT test set for text-video retrieval.

Pre-training #pairs R@1 R@5 R@10 MedR

COCO 0.6M 27.2 56.1 67.5 4.0
WV-2M 2.5M 27.5 56.6 67.6 4.0
WV-10M 10M 28.9 57.2 68.6 4.0
CC3M, WV2M 5.0M 31.0 59.5 70.5 3.0
CC3M, WV2M, COCO 5.6M 32.5 61.5 71.2 3.0
CC3M, WV10M 13.0M 33.4 59.2 70.7 3.0
CC3M, CC12M, WV10M 25.0M 34.0 61.4 73.1 3.0
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from a single source, shown by the boost of adding COCO captions (567k pairs)

to the CC3M+WV2M pretraining compared to adding an extra 7.5 million pairs

(WebVid10M) of that same source of data.

3.6 Conclusion

To conclude, we introduce a dual encoder model for end-to-end training of text-

video retrieval, designed to take advantage of both large-scale image and video

captioning datasets. Our model achieves state-of-the-art performance on a num-

ber of downstream benchmarks, however we note that the performance of our

model is not saturated yet, and performance could be further improved by train-

ing on the full HowTo100M dataset, larger weakly paired image datasets such as

Google3BN [C. Jia et al. 2021], as well as multi-dataset combinations thereof.

Acknowledgements. The authors would like to thank Samuel Albanie for his

useful feedback. We are grateful for funding from a Royal Society Research Profes-

sorship, EPSRC Programme Grant VisualAI EP/T028572/1, and a Google PhD

Fellowship.

3.7 Appendix

3.7.1 Additional Benchmark Results

ActivityNet Captions [Krishna et al. 2017a] contains 20K YouTube videos focused

on actions, annotated with 100K sentences. The training set consists of 10K

videos, and we use the ‘val1’ set of 4.9K videos to report results. At test time we

use paragraph-to-video retrieval as is standard protocol set by other works, where

the segment descriptions are concatenated to give a video-level description. We

compare to prior work in Table 3.10 and achieve comparable results to the state

of the art by using much less training data.
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Table 3.10: Text-to-video retrieval results on the ActivityNet val1k set. R@k:
Recall@K. MedR: Median Rank.

Method E2E VT PT R@1 R@5 MedR

FSE 18.2 44.8 8.3
CE [Y. Liu et al. 2019] 18.2 47.7 13.0
CLIPBERT X 21.3 49.0 6.0
MMT 22.7 54.2 5.0
SupportSet [Patrick et al. 2020] 26.8 58.1 3.0
MMT [Gabeur et al. 2020] HowTo 28.7 61.4 3.0
SupportSet [Patrick et al. 2020] HowTo 29.2 61.6 3.0
Ours X CC,WebVid-2M 28.8 60.9 3.0

3.7.2 Architectural Details

Video Encoder

The video encoder is composed of: (i) the patch embedding layer; (ii) learnable

positional space, time and [CLS] embeddings; and (iii) a stack of |`| = 12 space-

time attention blocks

1. The patch embedding layer is implemented as a 2D convolutional layer with

a kernel and stride size equivalent to the target patch size P = 16, and

d = 768 output channels (the chosen embedding dimensionality of the video

encoder).

2. The positional space and time embeddings are instantiated with shapeM×d

and N × d respectively, where M is the maximum number of input video

frames and N is the maximum number of non-overlapping patches of size P

within a frame (196 for a video resolution of 224×224). The [CLS] embedding

is instantiated with shape 1× d.

3. Each space-time attention block consists of norm layers, temporal and spatial

self-attention layers, and an MLP. The order and connections of these layers

is shown in Figure 3.4.

Text Encoder

Our text encoder is instantiated as distilbert-base-uncased [Sanh et al. 2019].

Distilbert follows the same general architecture as BERT [J. Devlin et al. 2019],
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Figure 3.4: Detailed diagram of the space-time self attention block.

but with the number of layers reduced by a factor of 2 and the token-type em-

beddings and the pooler removed. We use the HuggingFace2 transformers library

implementation.

3.7.3 Architectural Ablations

Video Backbone

We investigate the effects of using different video backbone architectures (Ta-

ble 3.11) and find that the space-time transformer encoder leads to large improve-

ments in performance on MSR-VTT when compared to ResNets and 3D variants

thereof.

During testing, all frame-variants see an equal number of frames, since the video

embeddings are averaged over multiple strides.

For the video backbone ablation, we fix the text backbone to distilbert-base-uncased.

For the text backbone ablation, we fix the video backone to the base space-time

transformer with an input resolution of 224 and a patch size P = 16.

Text Backbone

The choice of text backbone has a significant impact on downstream performance

(Table 3.12), with the t5 models performing significantly worse with more or simi-

lar numbers of parameters. DistilBERT and normal BERT achieve similar perfor-
2https://huggingface.co/

71

https://huggingface.co/


Table 3.11: Video backbone. Text-to-video retrieval results on MSR-VTT test
set with different video backbones. All models were pretrained on WebVid-2M
and finetuned on MSR-VTT train set. 4 frames were given as input, except for
the ResNet-101 which only supports image (1-frame) inputs. The text backbone
is fixed to distilbert-base-uncased.

Video Backbone #params R@1 R@10 MedR

ResNet-101 45M 11.5 44.1 14.5
S3D-G 76M 3.6 20.4 59.5
R(3D)-101 85M 9.3 38.3 20.0
S-Tformer 22416 B 114M 26.8 68.2 4.0

Table 3.12: Text backbone. Text-to-video retrieval results on MSR-VTT test
set with different text backbones. All models were pretrained on WebVid-2M
and finetuned on MSR-VTT train set. The video backbone is fixed to the base
space-time transformer with an input resolution of 224 and a patch size P = 16.

Text Backbone #params R@1 R@10 MedR

t5-small 60.5M 15.1 51.4 10.0
t5-base 222.9M 24.0 62.8 6.0
distilbert-base-uncased 66.4M 26.8 68.2 4.0
bert-base-uncased 109.5M 27.5 67.3 4.0

mance, with DistilBERT having far fewer parameters, therefore we chose to use

DistilBERT in our work for efficiency.

Space-Time Attention

Space-time attention. Our modified space-time attention block, shown in Fig.

3.5, improves retrieval performance, as show in Table 3.13. We compare both

variants during pretraining on WebVid-2M by reporting zero-shot results on MSR-

VTT. We find once again that our modification leads to modest performance gains.

Table 3.13: Space-time attention method: Zero-shot results are presented on
1K-A MSR-VTT test set for text-video retrieval. The models were trained on
WebVid-2M.

Attention Method R@1 R@10 MedR

Divided Space-Time [Lei et al. 2021] 13.0 40.2 18.0
Ours 14.6 42.7 16.0
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Figure 3.5: Attention block: The original divided block used in the Times-
former [Bertasius et al. 2021] architecture (left) compared to ours (right). We find
that this minor modification of the input residual connection trains more quickly
and is more stable than the original.

Table 3.14: Temporal expansion method. The effect of different expansion
methods increasing the input number of frames from 4⇒8. Results are presented
on 1K-A MSR-VTT test set for text-video retrieval. The models were pre-trained
on CC3M & WebVid-2M and finetuned on MSR-VTT train set.

Method R@1 R@10 MedR

Zero-pad 30.7 68.3 4.0
Nearest Neighbour 29.4 69.5 4.0
Bilinear 28.3 69.9 4.0

Temporal Expansion

We explore 3 different methods for expanding temporal positional embeddings

(zero-padding and two interpolation methods), and observe robustness to all 3

(see Table 3.14).

3.7.4 WebVid-2M Dataset Details

In this section, we show further details of the new WebVid-2M dataset. More

qualitative examples of video-text pairs can be found in Figure 3.6 and histograms

of caption lengths and video durations can be found in Figure 3.7. Note that

275,000 videos are longer than 30 seconds, providing many examples of videos

which can be used for training long-range video models.
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Figure 3.6: WebVid-2M dataset examples: We provide additional examples
from our dataset by showing video-text pairs, using video thumbnails.

3.7.5 WebVid-10M Extension

To facilitate further text-video pre-training, we extend theWebVid dataset fourfold

to 10 million text-video pairs, following the same data collection protocol.

Table 3.15: WebVid-10M:

dataset #clips avg dur.
(secs) #sent time

(hrs)

WebVid-2M 2.5M 18 2.5M 13K
WebVid-10M 10M 18 10M 52K
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Figure 3.7: WebVid-2M dataset statistics: We report the histogram of video
duration in seconds (top) and the histogram of caption length in words (bottom).
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Chapter 4

A Clip-Hitchhiker’s Guide to

Long Video Retrieval

The paper is a technical report published on ArXiV, 2022.
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Abstract

Our goal in this paper is the adaptation of image-text models for long

video retrieval. Recent works have demonstrated state-of-the-art perfor-

mance in video retrieval by adopting CLIP, effectively hitchhiking on the

image-text representation for video tasks. However, there has been lim-

ited success in learning temporal aggregation that outperform mean-pooling

the image-level representations extracted per frame by CLIP. We find that

the simple yet effective baseline of weighted-mean of frame embeddings via

query-scoring is a significant improvement above all prior temporal mod-

elling attempts and mean-pooling. In doing so, we provide an improved

baseline for others to compare to and demonstrate state-of-the-art perfor-

mance of this simple baseline on a suite of long video retrieval benchmarks.

4.1 Introduction

Pretrained vision-language models are becoming increasingly ubiquitous due to

their impressive performance on a range of downstream tasks with minimal to no

additional training data. These models have demonstrated near human-level per-

formance on perception tasks including image classification [Radford et al. 2021],

image retrieval [C. Jia et al. 2021], and even object detection [Esmaeilpour et al.

2021; X. Gu et al. 2021]. A major remaining research question is the successful

76



Figure 4.1: A comparison of performance on text-to-video retrieval between state-
of-the-art work initialising with CLIP. Recall@1 performance on MSR-VTT [J.
Xu et al. 2016] (left) and ActivityNet & Condensed Movies [Bain et al. 2020a]
(right). Clip2Video [Fang et al. 2021], CAMoE [Cheng et al. 2021] and Clip4clip [H.
Luo et al. 2021] use involved temporal aggregation methods with many learned
parameters. We show that our simple query-scoring baseline (with no learned
parameters) outperforms all these works by a large margin. We note the number of
parameters for CAMoE is an estimation since there was no public implementation
at the time of writing.

training and application of vision-language models to tasks requiring higher level

cognitive reasoning. One such area, and the focus of this work, is long-form video

understanding and its growing body of research [Zhao et al. 2019; C.-Y. Wu et al.

2019b; C.-Y. Wu et al. 2022; C.-Y. Wu and Krahenbuhl 2021a; T. Han et al. 2022].

Machines that can parse long-form videos, understand narrative and abstract con-

cepts, e.g. a movie depicting two friends falling out and then years later making

amends, is a step towards higher level cognitive reasoning. However, progress in

this area has been less fruitful when compared to large-scale language models and

tasks [T. Brown et al. 2020; M. Chen et al. 2021]. Thus far, vision-language mod-

els proven to be effective at analysing short video clips, achieving state of the art

when finetuned on tasks such as video classification [M. Wang et al. 2021; K. Zhou

et al. 2021; Castro and Heilbron 2022], text to video retrieval [H. Luo et al. 2021;

R. Yan et al. 2021; Cheng et al. 2021] and video question answering [A. Yang et al.

2021; Fu et al. 2021].

Whilst recent works have employed pretrained video-text encoders for downstream

video tasks [Bain et al. 2021; R. Yan et al. 2021; H. Xu et al. 2021; Ge et al. 2022],

the current state-of-the-art in text-to-video retrieval employs purely image-text

representations, specifically OpenAI’s CLIP [Radford et al. 2021] – we aptly call
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this CLIP-hitchhiking. This can largely be attributed to the greater scale of image-

text datasets [Radford et al. 2021; C. Jia et al. 2021] compared to video-text, by

several orders of magnitude. Adapting these models – originally trained for image

data – to video tasks is still an open question and a growing area of research. Of

particular note are tasks involving long-form videos, typically with much smaller

amounts of training data, higher degrees of temporal structure and variation be-

tween frames. Recent work has proposed learning temporal aggregation layers on

top of CLIP representations [H. Luo et al. 2021; Cheng et al. 2021; M. Wang

et al. 2021]; however, the performance is comparable or even worse than simply

taking the mean of the image representation across all the frames in the video.

For the case of long-form videos, with duration of several minutes or more, inter-

esting events might only last a few seconds. Mean-pooling in this case is clearly

sub-optimal.

We address this limitation in this paper. Motivated by the fact that long videos

can contain many redundant frames, such as a long video of a student studying

a math problem, as well as occasionally highly-informative frames, such as a few

seconds of footage where said student solves the problem and raises their fist in

excitement: we show that predicting the relevance of each frame and using these

scores to perform a simple weighted mean of the frame embeddings outperforms all

the more complex temporal modelling attempts and achieves state-of-the-art text-

to-video retrieval on ActivityNet Captions [Krishna et al. 2017a], MSR-VTT [J.

Xu et al. 2016], and Condensed Movies [Bain et al. 2020a]. We investigate three

methods for computing the frame relevance scores: (1) Query-scoring, the simplest

with no learned parameters, using the frame-level similarity to the text query; (2)

Self-attention scoring, a sequence transformer taking frame embeddings as input

and outputting scores per frame, conditioned only on video information; and (3)

Joint-attention scoring, with the same setup as (2) but additionally with the text

query embedding appended to the end of the sequence and thereby conditioning

on the query. We demonstrate the improvement of our simple baseline method on

using CLIP for long-video classification on the Charades dataset [Sigurdsson et al.

2016a]. Our proposed method acts as an improved baseline of mean-pooling for

other methods to compare to, especially those which propose aggregation methods

on top of CLIP. We further provide insight into the reasons behind the effectiveness
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of this simple baseline, namely (i) the mean of frame embeddings are mapped to

entirely new locations in the embeddings space and (ii) the effect of performance

on datasets with differing amounts of data.

4.2 Related Work

We provide a brief overview of the relevant literature on visual-text representation

learning, video-text retrieval, and long video representation learning.

Visual-text representation learning. Learning joint visual-text representation

learning is a widely studied and growing area of research [Radford et al. 2021; C.

Jia et al. 2021; Junnan Li et al. 2021; Liwei Wang et al. 2016; Y.-C. Chen et al.

2020; X. Li et al. 2020; Alayrac et al. 2022; Junnan Li et al. 2021; Junnan Li

et al. 2022]. Such representations have widespread applications in the real world

ranging from semantic video search, zero-shot image classification, and human-

robot interaction [Goodwin et al. 2022]. Large-scale models trained contrastively

on paired visual-text web data has demonstrably shown to learn state-of-the-art

image representations capable of impressive zero-shot performance [Radford et al.

2021], although these representations are not without their biases [Berg et al. 2022;

Agarwal et al. 2021]. Works have learned how to leverage noisy speech supervision

to learn a better video encoder [Miech et al. 2019], as well as incorporating self-

supervised learning to improve the visual-text representation [Mu et al. 2021]. We

investigate adopting the large-scale pretrained model CLIP [Radford et al. 2021]

to the domain of videos, particularly those of long-form.

Video-text retrieval. The text-to-video retrieval area has seen rapid progress

over the past few years. First attempts utilised pre-extracted features [Miech et al.

2018], from classification networks trained for example on ImageNet [Russakovsky

et al. 2015] and Kinetics [Carreira and Zisserman 2017]. A large portion of these

works investigate how best to aggregate features from these different networks [Y.

Liu et al. 2019], exploring vector quantization [Xiaohan Wang et al. 2021b], incor-

porating additional modalities such as audio [Gabeur et al. 2022; Y.-B. Lin et al.
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2022; Shvetsova et al. 2021], as well as how to aggregate them over the full video

duration (since these features typically have a temporal resolution of a single frame

or a couple of seconds).

Most recently, state-of-the-art works have employed CLIP as an image-text back-

bone and have adapted it to the video setting. Whilst joint text-video pretrained

models would be a seemingly better fit, no such models have been made available

– in large part due to the lack of available large scale text-video data. Whilst

today’s publicly available video-text datasets (Howto100M [Miech et al. 2019],

Youtube8M [Abu-El-Haija et al. 2016], and WebVid10M [Bain et al. 2021]) make

some headway, this is a far cry from the 400M [Radford et al. 2021] or 3BN [X.

Zhai et al. 2021] diverse image-text pairs today’s models are trained on, which far

outperform the video-text models trained on less pretraining data. Current state

of the art in video tasks do not utilise video-text pretraining effectively whether

this is due the infeasible compute required, the marginal gains over image-text

pretraining, or even the scale and quality of the visual-text pairs. [H. Luo et al.

2021; Fang et al. 2021; Cheng et al. 2021] all propose methods using CLIP with

additional temporal modelling on top – however the temporal modelling performs

comparably or worse than taking the mean embedding across the frames [Castro

and Heilbron 2022]. A temporal transformer on top of image-level embeddings,

has shown demonstrable improvements in other tasks, but typically require vast

amounts of training data and cannot be extensively pretrained due to prohibitive

cost and lack of large-scale long video-text data. However, some temporal mod-

elling must be done since the mean representation can not intelligently aggregate

multiple events over a long video.

To overcome this limitation, we focus on the most restricted form of temporal

aggregation of frame embeddings: the weighted-mean. In our experimental study,

we explore different ways to obtain these weights.

Long video representation learning. Aggregating temporal information from

long videos has been investigated by many works, primarily for video classifica-

tion [Yue-Hei Ng et al. 2015; Miech et al. 2017; Gaidon et al. 2013; Pirsiavash and

Ramanan 2014; Varol et al. 2018; Jue Wang and Cherian 2018; Limin Wang et al.

2016]. Closest to our work is SCSampler [Korbar et al. 2019] which samples the
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top-k most salient clips from a long video to use for video classification. SCsampler

tackles the sampling with a separate, cheaper model, which is learned separately

from model training. The clips selected by the sampling model are then fed to the

actual classification network to average scores over the top-k frames. This differs

from our work in that it focuses on efficient sampling for video classification by

using a cheaper model, learned separately. Our investigation involves weighting

frame samples online during training to improve performance and learning.

The joint image-text representation offers a unique advantage to these works where

the text-query representation can be used to guide the temporal aggregation. Al-

though more costly, this approach can use the query to guide the temporal aggre-

gation. Works have used query scoring in this way to perform weakly-supervised

action and moment localisation, by thresholding frames past a certain similarity

with the text query. In a similar vein to these works, we show that using the query

to guide the linear weighting of the frame embeddings can achieve state-of-the-art

performance without any additional learning.

4.3 Temporal Aggregation of Image-Text Repre-

sentations

We consider the problem of learning joint text-video representations from a set of

video-text pairs (V, T ) where V is a video of K frames and T is the corresponding

text describing the video. Specifically, we consider the case where representa-

tions are extracted for the text, T ∈ Rd and every frame of the video, V =

[I(1), I(2), ..., I(K)] ∈ RK×d, via a pretrained image-text model, such as CLIP [Rad-

ford et al. 2021]. Our goal is to find an aggregation method Φ that combines the

frame representations into a single video-level representation, V̄ = Φ(V ) ∈ Rd,

such that semantically similar instances of V̄ , T ∈ Rd are close to each other.

Prior works have instantiated Φ with self-attention networks [Fang et al. 2021],

squeeze-and-excitation networks [Cheng et al. 2021], and even cross-transformer

layers with the query [H. Luo et al. 2021]. However, it has been shown that simply

taking the mean of every frame embedding achieves comparable or even superior

performance to these temporal aggregation attempts on many benchmarks.
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This failure of temporal modelling for videos, especially those of long-form is sub-

optimal. Video frames have varying degrees of relevance. Motivated by this,

as well as the effectiveness of mean-pooling, we propose a straightforward but

effective improvement to the uniform mean, inspired by weakly-supervised moment

localisation [Mithun et al. 2019], by using query-frame scoring to perform the

weighted-mean of frame embeddings. Given a sequence of corresponding per-frame

relevance scores, S = [s1, s2, ..., sK ] ∈ RK where si = I(i) · T , we can compute a

final embedding for the whole video V̄ ∈ Rd via the weighted-mean.:

V̄ =
∑
k∈K

wkI
(k) where wk = esk/τ∑

j∈K e
sj/τ

, (4.1)

where the softmax temperature τ can be interpreted as a hyperparameter towards

the highest scoring frames. For very small values of τ , this becomes an argmax

operation, where the final video embedding is simply the single most relevant

frame. Equally, for very large values of τ , the weights become uniform, effectively

ignoring the scores. Formally:

lim
τ→0

V̄ → I(k′) where k′ = argmin
k

S and lim
τ→∞

V̄i →
1
K

∑
k∈K

I(k). (4.2)

In practice we find the some middle range offers a good balance between weighted

relevant frames more as well as capturing the full temporal of content in the video.

We explore different values of τ in our empirical evaluation.

In the following, we describe alternative scoring methods and their complexity

(Sec. 4.3.1), alternative aggregation methods (Sec. 4.3.2), as well as the framing

of this problem to video classification (Sec. 4.3.3).

4.3.1 Alternative Scoring Methods

Whilst the above scoring method is parameter-free, except for the choice of τ , we

also investigate more involved methods to predict the scores of each frame. Since

the scores can only be used to linearly combine the original frame embeddings,

the model is heavily regularised in what it can do and therefore it allows heavy

temporal modelling networks to be used but constrains their influence to only

linear combinations of the original image-text representation.
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Figure 4.2: The different scoring methods used to predict the relevance scores of each
frame embedding from a video, these are softmaxed as used to compute the weighted-
mean single video representation. Query-scoring (a), the simplest scoring method with
no learned parameters, scores each frame by the similarity of each frame embedding with
the text query. Self-attention scoring (b), uses a sequence transformer on the K×512
frame embeddings, and scores each frame by feed each output frame embedding output
sequence through a linear layer R512 −→ R1. Joint-attention scoring (c), uses the
same approach as (b) with the addition of the text query embedding appended to the
input sequence of the transformer.

Self-Attention

layers can be used on the frame embeddings to predict the relevance scores, as

shown in Figure 4.2. The output frame embeddings of the self-attention layers are

fed through a linear layer Rd −→ R to produce scalar relevance scores per frame.

This method has the advantage in that the frame scores S are independent from

the query, and therefore also the final video representation V̄ . This keeps the

retrieval complexity to constant time O(1) (see Table 4.1).

Joint-Attention Scoring

is an extension of the above method, this additionally includes the query as input

to the attention layers and performs both cross and self-attention between the

query and frame embeddings. Whilst higher in complexity, conditioning the video

specific to the query makes sense, as otherwise the definition of frame relevance

may be ambiguous.

Neither self-attention layers nor joint-attention layers are new for temporalling

modelling, however our instantiation differs in that we do not use the final output

embeddings of the attention layers as the video representation, but instead map

their output Rd −→ R to scalars used to weight the frame embedding averaging.
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Table 4.1: v is the number of videos in the retrieval set, k is the number of frames
per video, n is the number of layers in the transformer.

Scoring Method Retrieval
Complexity Model Complexity Video Space Complexity

Mean-pooling O(1) O(1) O(v)
Query O(v) O(1) O(vk)

Temporal Self-Attn. O(1) O(nk2) O(v)
Joint Attn. O(v) O(nk2) O(v)

Complexity.

The space and time complexities of the different scoring methods are shown in

Table 4.1, with increasing complexity down the rows. Since query-scoring needs

no learnable parameters (like uniform mean), the method can be applied to zero-

shot video tasks using image-text only embeddings. The query-conditioned frame

aggregation increases retrieval complexity to O(v), since the weighted-mean is

specific to each query – however in practice we find that 64 or 120 frame embed-

dings is sufficient for a long video of several minutes. Storing such an array per

video is a small increase in space and the dot product operation is marginal.

The retrieval complexity of query-dependent aggregation can factored down by

only employing it for the top K ranked results, and using query-independent ag-

gregation for the full ranking [Miech et al. 2021]. First a rough ranking is performed

on mean embeddings, without query-specific aggregation, and then a more costly

query scoring method can be used.

Temporal self-attention and joint attention have the same retrieval and model

complexity as prior work temporal modelling attempts – only with an additional

linear layer to map the embeddings to frame scores.

4.3.2 Alternative Aggregation Methods

Hard Top-K.

An alternative to taking the weighted-mean via the softmax scores, can be to take

the mean of the hard top-K frames. This is the approach adopted by [Korbar et al.

2019] to select which clips should be aggregated for video classification. Unlike the

soft query-scoring which, with the exception of very low values of τ , still includes
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some amount of information from every frame (due to the soft operation), top-k

entirely removes them from the aggregation and treats all the top k frames equally.

Averaging per-frame logits rather than embeddings.

Similarly, rather than taking the weighted-mean of frame-level embeddings for a

single video representation, one can average the similarity logits in order to calcu-

late their similarity to the text. We find that although this performs comparably

under zero-shot setting, the hard top-k performance worse when finetuning – we

show results in Section 4.4.4.

4.3.3 Video-to-text retrieval and video classification

Whilst the discussed methods have been described in a video-text retrieval setting,

it can be equally applied to video classification by formulating the classification

task as video-to-text retrieval. The only differences to note would be the complex-

ity analysis, where the video space complexity is no longer a concern since video

embeddings need not be stored for text retrieval. Additionally, query-condition

aggregation is less of a concern since the number of text queries is fixed to the

number to video action labels, which tends to be small.

4.4 Experiments

In this section, we start by presenting the downstream datasets (Sec. 4.4.1) and the

experiment protocol (Sec. 4.4.2). Next, we report state-of-the-art results across the

chosen suite of long-form video retrieval benchmarks (Sec. 4.4.3). Then we perform

investigation into the effectiveness of the simple weighted-mean aggregation and

compare to alternative methods (Sec. 4.4.4).

4.4.1 Downstream Datasets

We now describe the downstream text-to-video retrieval datasets our model is

evaluated on, focused on those with long durations, as well as additionally a long

85



video classification dataset.

MSR-VTT [J. Xu et al. 2016] benchmark contains 10K videos from YouTube

with 5 captions per video, we trained on 9K videos and report results on the 1K-

A [Y. Yu et al. 2018] test set, this dataset contains the shortest videos of which

we evaluate on, averaging 15 seconds.

Condensed Movies Dataset (CMD) [Bain et al. 2020a] is a long-form text-

video dataset consisting of 34K videos of movie scenes with an average duration of

132 seconds and corresponding high-level semantic textual descriptions. We train,

validate and test on the recent challenge split [Condensed Movies Challenge n.d.]

of 32K, 2K, and 1K videos, respectively and compare to the Codalab leaderboard

as well as evaluate results on other competing methods. Within a long movie scene

there is a large variation among the events that occur and the information between

shots, aggregating this over several minutes to match to a high-level semantic de-

scription requires a high degree of video understanding.

ActivityNet Captions [Krishna et al. 2017a] consists of 20K videos from

YouTube focused primarily on actions, annotated with 100K sentences. The train-

ing set consists of 10K videos, and we use the val1 set of videos to report results.

With an average video duration of 180 seconds, these are the longest videos we

evaluate on – capturing a diverse range of events and actions within the two min-

utes. The captions consist of a sequence of descriptions of localised moments

within the video. We employ the standard paragraph-to-video retrieval [Bain et

al. 2021] protocol when training and testing by concatenating the text sequences

and evaluating on the whole long-form video.

Charades [Sigurdsson et al. 2016a] is a video classification dataset consisting

of daily activities with an average duration of 30 seconds. The classification is

multilabel and multiclass in that a video can contain multiple different actions at

different times. This is a valuable setting for long-form video understanding since

the action classes vary over the duration.

4.4.2 Experiment Protocol

We use CLIP ViT-B/16 [Radford et al. 2021] in all experiments and finetune the

model end-to-end with the Adam optimizer [Kingma and Ba 2014] (learning rate
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set to 5e-7). Finetuning is done on two GPUs with a batch size of eight per GPU,

and sample 16 frames from each video during training, randomly sampled within

the video clip (we found this superior to the sub-segment sampling in [Bain et al.

2021]). At test time 120 frames are sampled uniformly from the video, irrespec-

tive of their length, unless specified otherwise. For the text, words are dropped

randomly during training with a probability of 10%. For query-scoring, we use the

τ = 0.1 across all datasets to demonstrate the consistent performance (although

optimal values might vary slightly between datasets). For the self and joint atten-

tion scoring methods, we use single-layer networks as was minimal difference in

performance when using additional layers.

4.4.3 Results

Comparison to the state of the art.

We present the text-to-video retrieval results of the query-scoring method on MSR-

VTT, ActivityNet and CondensedMovies in Tables 4.2 and 4.3. We achieve state-

of-the art performance on all three datasets, significantly outperforming prior work

aggregation methods using a CLIP backbone with millions of learned parameters.

In contrast, our query-scoring method has only a single parameter. These re-

sults demonstrate the surprising effectiveness of weighted-mean embeddings, and

the limitations of current, more involved temporal aggregation methods. Query-

scoring acts an improved baseline to proposed temporal aggregation methods.

We also compare to results on the long video classification dataset Charades in

Tab. 4.4. CLIP with query-scoring achieves the same performance as Action-

CLIP [M. Wang et al. 2021] which uses temporal modelling, averages predictions

over 320 total frames, and a set of prompt templates. Query-scoring uses none of

these yet offers similar performance, and outstanding improvements to CLIP4CLIP

seqTransf and the baseline of mean pooling the frame embeddings.

Test-time normalisation. Recent concurrent works achieve state of the art

performance via CLIP with test-time normalisation such as QueryBank [Cheng et

al. 2021; Bogolin et al. 2022] and dual softmax normalisation. The latter however

requires access to all queries at test-time, which is not appropriate for real-world
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Table 4.2: Comparison to state-of-the-art results on MSR-VTT 1k-A for text-to-video
retrieval. The bottom section compares to methods using CLIP as the backbone image-
text encoder, their different temporal aggregation methods (agg.), and the number of
parameters learned for the aggregation. “−” indicates an unknown value either due to no
official public implementation or lack of reporting in the paper. R@k: Recall@K,MedR:
Median Rank, MnR: Mean Rank.

Method R@1↑ R@5↑ R@10↑ MedR↓ MnR↓

JSFusion [Y. Yu et al. 2018] 10.2 31.2 43.2.4 12 -
CE [Y. Liu et al. 2019] 20.9 48.8 62.4 6 -

MMT [Gabeur et al. 2020] 26.6 57.1 69.6 4 -
SSB [Patrick et al. 2020] 30.1 58.5 69.3 3 -

TeachText [Croitoru et al. 2021] 29.6 61.6 74.2 3 -
Frozen [Bain et al. 2021] 32.5 61.5 71.2 3 -
Method agg. #agg. params

Clip4clip [H. Luo et al. 2021] mean 0 43.1 70.4 80.8 2 16.2
Clip4clip [H. Luo et al. 2021] tightTransf 4M 40.2 71.5 70.5 2 13.4
Clip4clip [H. Luo et al. 2021] seqTransf 4M 44.5 71.4 81.6 2 15.3
CAMoE [Cheng et al. 2021] S.E attn. - 44.6 72.6 81.8 2 13.3

Clip2Video [Fang et al. 2021] TDB,TAB 19M 45.6 72.6 81.7 2 14.6

Ours Q-score 1 47.7 74.1 82.9 2 11.5

Table 4.3: Comparison to the start-of-the-art results on Condensed Movies and Activi-
tyNet Challenge for text-to-video retrieval.

Condensed Movies ActivityNet
Method R@1 R@5 R@10 MdR MnR R@1 R@5 R@10 MdR MnR

TeachText 12.1 27.4 37.5 - - 25.0 58.7 - 4 -
Frozen 12.6 28.4 36.3 25 - 28.8 - 60.9 3 -

Clip4clip (mean) 24.4 48.2 58.2 6 46.2 40.5 72.4 - 2 7.4
Clip4clip (seqTransf) 19.3 44.4 55.3 9 55.2 40.5 72.4 - 2 7.5

Ours (q-score) 27.0 52.3 61.2 5 41.2 44.0 74.9 86.1 2 5.8

tasks. Both of these can be added to our method to achieve superior performance,

but is not the focus of this work since it is separate to temporal modelling.

4.4.4 Ablation study

Alternative scoring methods. In Table 4.5 we show the performance of al-

ternative scoring methods, and that the performance is notably high across the

board – even without query information. This indicates that the strong baseline

of weighted-mean of image-level CLIP embeddings is the best current approach of

temporal modelling. The seemingly consistent boost no matter the scoring method

indicates that the benefit is mainly afforded by restricting the aggregation Φ to

linear weighted of the image embeddings. For ActivityNet, temporal self-attention

scoring performs significantly better than the other scoring methods which is in

contrast to CMD and MSR-VTT. One possible explanation for this is that Activ-

ityNet captions are long paragraphs containing dense descriptions on the video by
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Table 4.4: Multi-label classification results on the Charades dataset, where mAP
is mean average precision. ActionCLIP results are computed by average 32 frame
predictions over 10 (spatial) by 3 (temporal) views.

Backbone Aggregation Frame Finetune mAP

CLIP
(ViT-B/16)

ActionCLIP [M. Wang et al. 2021] 32×10×3 3 44.6
Clip4clipseqT r 32 3 32.0
Mean 32 3 33.0
Q-scoring 32 3 44.9
Temp. S-A 32 3 36.3
Joint. S-A 32 3 42.2

CLIP
(ViT-B/16)

Mean 32 7 17.5
Q-scoring 32 7 21.1

Table 4.5: Comparison of the different proposed scoring methods on MSR-VTT,
ActivityNet Captions and Condensed Movies test sets for text-to-video retrieval..

Scoring
Method

MSR-VTT Condensed Movies ActivityNet Captions
R@1 R@5 R@10 MnR R@1 R@5 R@10 MnR R@1 R@5 R@10 MnR

Baseline 44.4 71.6 79.8 12.8 24.4 48.2 58.2 46.2 42.0 73.1 84.6 7.4
Query 47.7 74.1 82.9 11.5 27.0 52.3 61.2 41.2 44.0 74.9 86.1 5.8

Temp. S-Attn. 46.2 71.4 81.6 12.9 26.2 51.9 62.4 41.5 44.9 75.9 86.9 5.6
Joint Attn. 45.7 73.8 83.6 10.6 26.4 51.1 62.0 43.0 43.1 74.1 85.5 6.7

concatenating localised descriptions. Such a dense video description would be less

useful when query-scoring since most frames relate to the query. This is unlike

Charades where an action class might only correspond to a few seconds of a 30-

second video amongst a sequence of other actions. Instead, the dense description

setting of ActivityNet becomes a case of removing noisy frames, which we believe

can be done without query-level information.

In contrast CMD, movies with long videos but extremely concise descriptions per-

taining to a sequence of a few events in the video, affords the greatest benefits.

Alternative aggregation methods. Comparing different aggregation methods

in Table 4.6, we find that averaging over features is considerably better in both

zero-shot and finetuning settings. Hard top-K seems to offer a comparable im-

provement over the baseline in the zero-shot setting, however we find soft scoring

features for the finetune setting is most optimal. A smoother feature selection of

frames seems to be more favourable for training.

Effect of number of frames. Unsurprisingly performance of both the baseline

and query-scoring improves with increasing the number of input frames at test

time, albeit with diminishing after 1fps, shown in Figure 4.3 (left). The improve-

ment of query-scoring over the baseline also increases with the number of frames.
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Table 4.6: Comparison of different frame aggregation methods and aggregation sources
and their respective performance on zero-shot Condensed Movies, zero-shot MSR-VTT,
and finetuned MSR-VTT text-to-video retrieval settings denoted by CMD ZS, MSR ZS
and MSR FT repsectively. The reported value is the geometric mean of R@{1,5,10}
to text-to-video retrieval performance. HParam denotes the hyperparameter selection
for the chosen method. † Since training , training with K = 60 is not possible, so this
setting is trained on K = 8 and evaluated on K = 60.

CMD ZS MSR ZS MSR FT

Aggregation
Method HParam Agg. source Agg. source Agg. source

Score Feature Score Feature Score Feature

Mean-pooling 27.6 29.5 48.3 49.5 60.5 62.2

Top-K

K=1 28.8 28.8 48.8 48.8 63.3 63.4
K=8 32.6 33.3 50.9 50.3 63.3 64.5
K=60† 30.0 30.0 51.2 50.2 61.9 64.0

Query-scoring
τ=0.01 27.1 30.6 48.9 49.0 62.4 64.4
τ=0.1 28.8 30.9 50.7 50.5 63.8 65.4
τ=1.0 27.7 29.5 48.5 49.6 60.1 62.8

Figure 4.3: Downstream performance effects of varying the number of frames at
test time (left) and the query-scoring temperature τ (right), on the CMD test set
for text-to-video retrieval.

Intuitively this makes sense, more input frames means there are more relevant

frames to pick from and less relevant frames to ignore. This further motivates the

use case of frame relevance scoring for long-form videos.

Effect of scoring temperature. We find a temperature range between 0.05

and 0.15 is consistently optimal across long range datasets and tasks. Figure ??

(right) shows the effect of temperature on the CMD test set under both zero-shot

and finetuning conditions. Zero-shot performance tends to be slightly better with

smaller values of τ , which indicates the effect of τ during the learning process. For

extremely large values of τ , gradients only pass from the most similar text query

which might cause drifting errors in the learning process (for the case where the

initial similarity is wrong).
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Table 4.7: Classification accuracy between normalised single-frame embeddings
and 16-frame mean-pooled embeddings from CMD (training on the train set and
testing on the test set). A single linear layer with high accuracy can discriminate
between single-frame and 16-frame embeddings.

Test accuracy (%)

Classifier Zero-Shot Finetuned

Linear 89.0 90.4
MLP 97.4 98.2

Why are weighted-mean frame embeddings so effective?

a) Insufficient training data for learning new long-video text represen-

tations. We find the relative performance boost of mean-weighted embeddings

compared to more complex and learned temporal aggregations is reduced with the

larger scale downstream datasets. This implies that with enough long video-text

pairs, the more complex modelling attempts can outperform this simple baseline.

b)The mean of frame embeddings captures distinct information. Given

that CLIP embeddings are trained for the single image-text setting, it is sur-

prising that taking the mean over many frames with vastly different content still

performs well. For example, it is possible that the mean of embeddings from two

semantically different frames maps to a semantically incorrect new space in the

embeddings. To investigate whether this happens, we train both a linear classifier

and a multi-layer perceptron (MLP) to classify between single-frame embeddings

and mean embeddings from 16 frames sampled from a long video in CMD. We find

that both are able to easily classify between these two, even with zero-shot embed-

dings (Table 4.7). These results suggest the mean-frame embeddings are mapped

to entirely new locations in the embedding space, disjoint from the single-frame

embeddings. This is encouraging since it suggests that CLIP can learn to cap-

ture multi-frame information within the 512 embeddings – and hence the strong

baseline out weighted-mean performing so well.

c) Query scoring during training improves single-frame representation.

The performance boost of query scoring after finetuning could be attributed to ei-

ther (i) test time improvements by ignoring irrelevant improvements and/or (ii) im-

provements to the image-text level representation during training by contrastively

learning on more semantically relevant frames. In order to investigate whether (ii)
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Table 4.8: Single-frame retrieval results on CMD test set. Finetuning with query
scoring improves the image-level representation – showing the effectiveness of con-
strastive learning on video-text pairs with relevance scoring on frames.

Scoring Method R@1 R@5 R@10 MedR MnR

Mean 8.6 19.6 25.8 56.0 151
Q-scoring 9.0 21.1 27.3 52.5 148

is true we evaluate on CMD test set retrieval in the 1-frame setting, to evaluate the

single frame representation (Table 4.7). We find that query-scoring performance

provides notable improvement to the image-text representation, indicating that

such a method is valuable during the video-text learning process over the baseline

of mean-pooling.

Are the frame scores semantically meaningful?

The notable improvement gains via frame scores implies some semantic relevance

of the higher scoring frames. To investigate this we show qualitative results of

the query scoring for CMD unseen videos. In Figure 4.4 we see that highest

scoring frames are those with semantic similarity to the test, for example the

frames containing the motorbike as well as the license registration of the character

name in the title. Additionally, we see that the lowest scoring frames contain less

information and have less relevance to the query. By utilising frame scoring during

training, the constrastive loss is weighted less towards these irrelevant frames which

could otherwise harm the representation.
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(a) “Blankman gives Kimberly a ride on his wacky motorcycle.”

(b) “Mavis has an awkward lunch with her parents.”

Figure 4.4: Visualisation of query-scoring from unseen videos in the Condensed Movies
test set and their corresponding textual descriptions. The first row shows the weights
assigned to each frame, with the maximum and minimum scores per segment marked
and their corresponding frames in the middle and bottom rows respectively. The highest
scoring frames in both (a) and (b) have high relevance to the text query and contain
more information than the lowest scoring frames containing background frames or single
person close-up shots.

4.5 Conclusion

To conclude, we propose three simple ways to mean-weight frame embeddings from

a joint image-text representation for long video retrieval and classification – with

and without query information, in doing so picking out the most salient frames.

Our method provides a strong baseline, outperforming all prior works across four

datasets, including attempts at more complicated temporal modelling. Our exper-

iments uncover some insight into the benefits afforded by this highly constrained

temporal aggregation and the challenges posed for more involved temporal mod-

elling. Future work could look into tackling the lack of large-scale data needed to

effectively learn effective long-form video representations. This could be done by

employing self-supervised learning in addition to the scarcer textual supervision
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for long-form video data.

4.6 Appendix

4.6.1 MSR-VTT Full Split

In Table 4.9 We additionally report results on the MSR-VTT full split which con-

sists of 6513, 497 and 2990 videos for training, validation and testing respectively.

Query-scoring outperforms all prior work, except in mean rank, which could be

attributed to the smaller amounts of training data.

Table 4.9: Comparison to state-of-the-art results on MSR-VTT full split with 7k train-
ing for text-to-video retrieval. The bottom section compares to methods using CLIP as
the backbone image-text encoder, their different temporal aggregation methods (agg.),
and the number of parameters learned for the aggregation. “−” indicates an unknown
value either due to no official public implementation or lack of reporting in the paper.

Method R@1↑ R@5↑ R@10↑ MedR↓ MnR↓

JSFusion [Y. Yu et al. 2018] 10.2 31.2 43.2.4 12 -
CE [Y. Liu et al. 2019] 10.0 29.0 41.2 16 86.8

TeachText [Croitoru et al. 2021] 15.0 38.5 51.7 10 -
Method agg. #agg. params

Clip2Video [Fang et al. 2021] TDB,TAB 19M 29.8 55.5 66.2 4 45.4
CAMoE [Cheng et al. 2021] S.E attn. - 32.9 58.3 68.4 3 42.6

Ours Q-score 1 34.9 59.4 68.7 3 49.4

Extended Comparison of Aggregation Methods

Finetuning on Condensed Movies also shows a pronounced boost for query-scoring

when compared to alternative aggregation methods: hard top-k and mean-pooling

(see Table 4.10). Further demonstrating the benefit of query-scoring in the fine-

tuning setting.
Table 4.10: Comparison between different scoring methods when finetuning on Condensed Movies, results
are shown for text-to-video retrieval.

Aggregation Method Hparam R@1↑ R@5↑ R@10↑ MedR↓ MnR↓

Mean-pooling 25.6 49.2 59.9 6 42.2

Top-K
K=1 19.6 43.8 52.9 8 54.0
K=8 25.4 50.2 58.1 5 51.6
K=60 26.0 51.6 61.1 6 41.6

Query-scoring
τ=0.01 24.0 47.4 57.8 6 52.8
τ=0.1 27.3 52.8 62.0 4 40.4
τ=1.0 25.5 49.5 60.3 6 42.3
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Chapter 5

WhisperX: Time-Accurate Speech

Transcription of Long-Form

Audio

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

SPEECH, 2023.
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WhisperX: Time-Accurate Speech Transcription

of Long-Form Audio
Max Bain Jaesung Huh Tengda Han

Andrew Zisserman

Visual Geometry Group, University of Oxford

Voice Activity
Detection 

Cut & 
Merge

Phoneme 
Model

Forced
Alignment

[00.12→0.44] That’s
[00.86→1.14] right.
[01.98→2.33]  Over

…
[89.13→89.45]  Go!

Transcript &
word-level timestamps

Whisper

Batch
Input audio <|transcribe|>

Pad to 30s

Figure 5.1: WhisperX: We present a system for efficient speech transcription of
long-form audio with word-level time alignment. The input audio is first segmented
with Voice Activity Detection and then cut & merged into approximately 30-
second input chunks with boundaries that lie on minimally active speech regions.
The resulting chunks are then: (i) transcribed in parallel with Whisper, and (ii)
forced aligned with a phoneme recognition model to produce accurate word-level
timestamps at high throughput.

Abstract

Large-scale, weakly-supervised speech recognition models, such as Whis-

per, have demonstrated impressive results on speech recognition across do-

mains and languages. However, the predicted timestamps corresponding

to each utterance are prone to inaccuracies, and word-level timestamps are

not available out-of-the-box. Further, their application to long audio via

buffered transcription prohibits batched inference due to their sequential

nature. To overcome the aforementioned challenges, we present WhisperX,

a time-accurate speech recognition system with word-level timestamps util-

ising voice activity detection and forced phoneme alignment. In doing so,

we demonstrate state-of-the-art performance on long-form transcription and

word segmentation benchmarks. Additionally, we show that pre-segmenting

audio with our proposed VAD Cut & Merge strategy improves transcrip-

tion quality and enables a twelve-fold transcription speedup via batched
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inference. The code is available open-source1.

5.1 Introduction

With the availability of large-scale web datasets, weakly-supervised and unsuper-

vised training methods have demonstrated impressive performance on a multi-

tude of speech processing tasks; including speech recognition [Y. Jia et al. 2019;

Baevski et al. 2020; Sanyuan Chen et al. 2022], speaker recognition [Kang et al.

2022; Hui Chen et al. 2023], speech separation [Wisdom et al. 2020], and keyword

spotting [Gong et al. 2022; Prajwal et al. 2021]. Whisper [Radford et al. 2022b]

utilises this rich source of data to another scale. Leveraging 680,000 hours of

noisy speech training data, including 96 other languages and 125,000 hours of En-

glish translation data, it showcases that weakly supervised pretraining of a simple

encoder-decoder transformer [Vaswani et al. 2017] can robustly achieve zero-shot

multilingual speech transcription on existing benchmarks.

Most of the academic benchmarks are comprised of short utterances, whereas real-

world applications typically require transcribing long-form audio that can easily

be hours or minutes long, such as meetings, podcasts and videos. Automatic

Speech Recognition (ASR) models are typically trained on short audio segments

(30 seconds for the case of Whisper) and the transformer architectures prohibit

transcription of arbitrarily long input audio due to memory constraints.

Recent works [Chiu et al. 2019] employ heuristic sliding window style approaches

that are prone to errors due to overlapping or incomplete audio (e.g. words be-

ing cut halfway through). Whisper proposes a buffered transcription approach

that relies on accurate timestamp prediction to determine the amount to shift

the subsequent input window by. Such a method is prone to severe drifting since

timestamp inaccuracies in one window can accumulate to subsequent windows.

The hand-crafted heuristics employed have achieved limited success.

A plethora of works exist on “forced alignment”, aligning speech transcripts with

audio at the word or phoneme level. Traditionally, this involves training acous-

tic phoneme models in a Hidden Markov Model (HMM) [Brugnara et al. 1993;
1https://github.com/m-bain/whisperX
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Gorman et al. 2011; J. Yuan et al. 2013; McAuliffe et al. 2017] framework using

external boundary correction models [Kim and Conkie 2002; Stolcke et al. 2014].

Recent works employ deep learning strategies, such as a bi-directional attention

matrix [Jingbei Li et al. 2022] or CTC-segmentation with an end-to-end trained

model [Kürzinger et al. 2020]. Further improvements may come from combining a

state-of-the-art ASR model with a light-weight phoneme recognition model, both

of which are trained with large-scale datasets.

To address these challenges, we propose WhisperX, a system for efficient speech

transcription of long-form audio with accurate word-level timestamps. It consists

of three additional stages to Whisper transcription: (i) pre-segmenting the input

audio with an external Voice Activity Detection (VAD) model; (ii) cut and merging

the resulting VAD segments into approximately 30 seconds input chunks with

boundaries lying on minimally active speech regions enabling batched whisper

transcription; and finally (iii) forced alignment with an external phoneme model

to provide accurate word-level timestamps.

5.2 WhisperX

In this section we describe WhisperX and its components for long-form speech

transcription with word-level alignment.

5.2.1 Voice Activity Detection

Voice activity detection (VAD) refers to the process of identifying regions within

an audio stream that contain speech. ForWhisperX, we first pre-segment the input

audio with VAD. This provides the following three benefits: (1) VAD is much

cheaper than ASR and avoids unnecessary forward passes of the latter during long

inactive speech regions. (2) The audio can be sliced into chunks with boundaries

that do not lie on active speech regions, thereby minimising errors due to boundary

effects and enabling parallelised transcription. Finally, (3) the speech boundaries

provided by the VAD model can be used to constrain the word-level alignment

task to more local segments and remove reliance on Whisper timestamps – which

we show to be too unreliable.
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VAD is typically formulated as a sequence labelling task; the input audio waveform

is represented as a sequence of acoustic feature vectors extracted per time step A =

{a1, a2, ..., aT} and the output is a sequence of binary labels y = {y1, y2, ..., yT},

where yt = 1 if there is speech at time step t and yt = 0 otherwise.

In practice, the VAD model ΩV : A → y is instantiated as a neural network,

whereby the output predictions yt ∈ [0, 1] are post-processed with a binarize step

– consisting of a smoothing stage (onset/offset thresholds) and decision stage (min.

duration on/off) [Gelly and Gauvain 2018].

The binary predictions can then represented as a sequence of active speech seg-

ments s = {s1, s2, ..., sN}, with start and end indexes si = (ti0, ti1).

5.2.2 VAD Cut & Merge

Active speech segments s can be of arbitrary lengths, much shorter or longer than

the maximum input duration of the ASR model, in this case Whisper. These

Longer segments cannot be transcribed with a single forward pass. To address

this, we propose a ‘min-cut’ operation in the smoothing stage of the binary post-

processing to provide an upper bound on the duration of active speech segments.

Specifically, we limit the length of active speech segments to be no longer than

the maximum input duration of the ASR model. This is achieved by cutting

longer speech segments at the point of minimum voice activation score (min-cut).

To ensure the newly divided speech segments are not exceedingly short and have

sufficient context, the cut is restricted between 1
2 |Atrain| and |Atrain|, where |Atrain|

is the maximum duration of input audio during training (for Whisper this is 30

seconds).

With an upper bound now set on the duration of input segments, the other ex-

treme must be considered: very short segments, which present their distinct set

of challenges. Transcribing brief speech segments eliminates the broader context

beneficial for modelling speech in challenging scenarios. Moreover, transcribing

numerous shorter segments increases total transcription time due to the increased

number of forward passes required.

Therefore, we propose a ‘merge’ operation, performed after ‘min-cut‘, merging
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neighbouring segments with aggregate temporal spans less than a maximal du-

ration threshold τ where τ ≤ |Atrain|. Empirically we find this to be optimal at

τ = |Atrain|, maximizing context during transcription and ensures the distribution

of segment durations is closer to that observed during training. Pseudo-code out-

lining both the min-cut and merge operations can be found in the ArXiv version

of the paper.

5.2.3 Whisper Transcription

The resulting speech segments, now with duration approximately equal to the in-

put size of the model, |si| ≈ |Atrain| ∀i ∈ N , and boundaries that do not lie on ac-

tive speech, can be efficiently transcribed in parallel with Whisper ΩW , outputting

text for each audio segment ΩW : s→ T . We note that parallel transcription must

be performed without conditioning on previous text, since the causal conditioning

would otherwise break the independence assumption of each sample in the batch.

In practice, we find this restriction to be beneficial, since conditioning on previous

text is more prone to hallucination and repetition. We also use the no timestamp

decoding method of Whisper.

5.2.4 Forced Phoneme Alignment

For each audio segment si and its corresponding text transcription Ti, consisting

of a sequence of words Ti = [w0, w1, ..., wm], our goal is to estimate the start

and end time of each word. For this, we leverage a phoneme recognition model,

trained to classify the smallest unit of speech distinguishing one word from another,

e.g. the element p in “tap”. Let C be the set of phoneme classes in the model

C = {c1, c2, ..., cK}. Given an input audio segment, a phoneme classifier, takes an

audio segment S as input and outputs a logits matrix L ∈ RK×T , where T varies

depending on the temporal resolution of the phoneme model.

Formally, for each segment, si ∈ s, and its corresponding text Ti: (1) Extract

the unique set of phoneme classes in the segment text Ti common to the phoneme

model, denoted by CTi
⊂ C. (2) Perform phoneme classification over the input

segment si, with the classification restricted to CTi
classes. (3) Apply Dynamic
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Time Warping (DTW) on the resulting logits matrix Li ∈ RCTi
×T , to obtain the

optimal temporal path of phonemes in Ti. (4) Obtain start and end times for each

word wi in Ti by taking the start and end time of the first and last phoneme within

the word respectively.

For transcript phonemes not present in the phoneme model’s dictionary C, we

assign the timestamp from the next nearest phoneme in the transcript. The for

loop described above can be batch processed in parallel, enabling fast transcription

and word-alignment of long-form audio.

5.2.5 Multi-lingual Transcription and Alignment

WhisperX can also be applied to multilingual transcription, with the caveat that

(i) the VAD model should be robust to different languages, and (ii) the alignment

phoneme model ought to be trained on the language(s) of interest. Multilingual

phoneme recognition models [Conneau et al. 2020] are also a suitable option, pos-

sibly generalising to languages not seen during training – this would just require

an additional mapping from language-independent phonemes to the phonemes of

the target language(s).2

5.2.6 Translation

Whisper also offers a “translate” mode that allows for translated transriptions from

multiple languages into English. The batch VAD-based transcription can also be

applied to the translation setting, however phoneme alignment is not possible due

to there no longer being a phonetic audio-linguistic alignment between the speech

and the translated transcript.

5.2.7 Word-level Timestamps without Phoneme Recogni-

tion

We explored the feasibility of extracting word-level timestamps from Whisper di-

rectly, without an external phoneme model, to remove the need for phoneme map-
2We were unable to find non-English ASR to evaluate multilingual word segmentation, but

we show successful qualitative examples in the open-source repository.
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ping and reduce inference overhead (in practice we find the alignment overhead is

minimal, approx. <10% in speed). Although attempts have been made to infer

timestamps from cross-attention scores [Louradour 2023], these methods under-

perform when compared to our proposed external phoneme alignment approach,

as evidenced in Section 5.3.4, and are prone to timestamp inaccuracies.

5.3 Evaluation

Our evaluation addresses the following questions: (1) the effectiveness ofWhisperX

for long-form transcription and word-level segmentation compared to state-of-the-

art ASR models (namely Whisper and wav2vec2.0); (2) the benefit of VAD Cut

& Merge pre-processing in terms of transcription quality and speed; and (3) the

effect of the choice of phoneme model and Whisper model on word segmentation

performance.

5.3.1 Datasets

The AMI Meeting Corpus. We used the test set of the AMI-IHM from the AMI

Meeting Corpus [Carletta et al. 2006] consisting of 16 audio recordings of meet-

ings. Manually verified word-level alignments are provided for the test set used to

evaluate word segmentation performance. Switchboard-1 Telephone Corpus

(SWB). SWB [Godfrey and Holliman 1993] consists of ∼2,400 hours of speech of

telephone conversations. Ground truth transcriptions are provided with manually

corrected word alignments. We randomly sub-sampled a set of 100 conversations.

To evaluate long-form audio transcription, we report on TEDLIUM-3 [Hernan-

dez et al. 2018] consisting of 11 TED talks, each 20 minutes in duration, and

Kincaid46 [Kincaid 2018] consisting of various videos sourced from YouTube.

5.3.2 Metrics

For evaluating long-form audio transcription, we report word error rate (WER)

and transcription speed (Spd.). To quantify the amount of repetition and hallu-

cination, we measure insertion error rate (IER) and the number of 5-gram word
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duplicates within the predicted transcript (5-Dup.) respectively. Since this does

not evaluate the accuracy of the predicted timestamps, we also evaluate word seg-

mentation metrics, for datasets that have word-level timestamps, jointly evaluating

both transcription and timestamp quality. We report the Precision (Prec.) and

Recall (Rec.) where a true positive is where a predicted word segment overlaps

with a ground truth word segment within a collar, where both words are an ex-

act string match. For all evaluations we use a collar value of 200 milliseconds to

account for differences in annotation and models.

5.3.3 Implementation Details

WhisperX: Unless specified otherwise, we use the default configuration in Ta-

ble 5.1 for all experiments. Whisper [Radford et al. 2022b]: For Whisper-

only transcription and word-alignment we inherit the default configuration from

Table 5.1, and use the official implementation3 for inferring word timestamps.

Wav2vec2.0 [Baevski et al. 2020]: For wav2vec2.0 transcription and word-

alignment we use the default settings in Table 5.1 unless specified otherwise.

We obtain the various model versions from the official torchaudio [Y.-Y. Yang

et al. 2022] repository4. Base_960h and Large_960h models were trained on Lib-

rispeech [Panayotov et al. 2015] data, whereas the VoxPopuli model was trained on

the Voxpopuli [Changhan Wang et al. 2021] corpus. For benchmarking inference

speed, all models are measured on an NVIDIA A40 gpu, as multiples of Whisper’s

speed.

5.3.4 Results

Word Segmentation Performance

Comparing to previous state-of-the-art speech transcription models (Table 5.2),

Whisper and wav2vec2.0, we find that WhisperX substantially outperforms both

in word segmentation benchmarks, WER, and transcription speed. Especially

with batched transcription, WhisperX even surpasses the speed of the lightweight
3https://github.com/openai/whisper/releases/tag/v20230307
4https://pytorch.org/audio/stable/pipelines.html#module-torchaudio.pipelines
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Table 5.1: Default configuration for WhisperX.

Type Hyperparameter Default Value

VAD

Model pyannote [Bredin et al. 2020b]
Onset threshold 0.767
Offset threshold 0.377
Min. duration on 0.136
Min. duration off 0.067

Whisper
Model version large-v2
Decoding strategy greedy
Condition on previous text False

Phoneme
Model

Architecture wav2vec2.0
Model version BASE_960H
Decoding strategy greedy

Table 5.2: State-of-the-art comparison of long-form audio transcription
and word segmentation on the TED-LIUM [Hernandez et al. 2018], Kin-
caid46 [Kincaid 2018], AMI [Carletta et al. 2006], and SWB [Godfrey and Holliman
1993] corpora. Spd denotes transcription speed, WER denotes Word Error Rate,
5-Dup denotes the № 5-gram duplicates, Precision & Recall are calculated with
a collar value of 200ms. †Word timestamps from Whisper are not directly avail-
able but are inferred via Dynamic Time Warping of the decoded tokens attention
scores.

Model TED-LIUM Kincaid46 AMI SWB

Spd.↑ WER↓ IER↓ 5-Dup.↓WER↓ IER↓ 5-Dup.↓Prec.↑Rec.↑Prec.↑Rec.↑

wav2vec2.0 10.3× 19.8 8.5 129 28.0 5.3 29 81.8 45.5 92.9 54.3
Whisper 1.0× 10.5 7.7 221 12.5 3.2 131 78.9 52.1 85.4 62.8

WhisperX (ours) 11.8× 9.7 6.7 189 11.8 2.2 75 84.1 60.3 93.2 65.4

Table 5.3: Effect of WhisperX’s VAD Cut & Merge and batched tran-
scription on long-form audio transcription on the TED-LIUM benchmark
and AMI corpus. Full audio input corresponds to WhisperX without any VAD
pre-processing, VAD-CMτ refers to VAD pre-processing with Cut & Merge, where
τ is the merge duration threshold in seconds.

Input Batch
Size

TED-LIUM AMI

WER↓ Spd.↑ Prec.↑ Rec.↑

Full audio 1 10.52 1.0× 82.6 53.4
32 78.78 7.1× 43.2 25.7

VAD-CM15
1 9.72 2.1× 84.1 56.032 7.9×

VAD-CM30
1 9.70 2.7× 84.1 60.332 11.8×
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wav2vec2 model. However, solely using Whisper for word-level timestamps extrac-

tion significantly underperforms in word segmentation precision and recall on both

SWB and AMI corpuses, even falling short of wav2vec2.0, a smaller model with less

training data. This implies the insufficiency of Whisper’s large-scale noisy training

data and current architecture for learning accurate word-level timestamps.

Effect of VAD Chunking

Table 5.3 demonstrates the benefits of pre-segmenting audio with VAD and Cut

& Merge operations, improving both transcription-only WER and word segmenta-

tion precision and recall. Batched transcription without VAD chunking, however,

degrades both transcription quality and word segmentation due to boundary ef-

fects.

Batched inference with VAD, transcribing each segment independently, provides

a nearly twelve-fold speed increase without performance loss, overcoming the lim-

itations of buffered transcription [Radford et al. 2022b]. Batch inference without

VAD, using a sliding window, significantly degrades WER due to boundary effects,

even with heuristic overlapped chunking as in huggingface5.

The optimal merge threshold value for Cut & Merge operations τ is found to be

the input duration that Whisper was trained on |Atrain| = 30, which provides the

fastest transcription speed and lowest WER. This confirms that maximum context

yields the most accurate transcription.

Hallucination & Repetition

In Table 5.2, we find that WhisperX reports the lowest IER on the Kincaid46

and TED-LIUM benchmarks, confirming that the proposed VAD Cut & Merge

operations reduce hallucination in Whisper. Further, we find that repetition errors,

measuring by counting the total number of 5-gram duplicates per audio, is also

reduced by the proposed VAD operations. By removing the reliance on decoded

timestamp tokens, and instead using external VAD segment boundaries, WhisperX

avoids repetitive transcription loops and hallucinating speech during inactivate
5https://huggingface.co/openai/whisper-large
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Table 5.4: Effect of whisper model and phoneme model on WhisperX
on word segmentation. Both the choice of whisper and phoneme model has a
significant effect on word segmentation performance.

Whisper
Model

Phoneme
Model

AMI SWB

Prec. Rec. Prec. Rec.

base.en
Base_960h 83.7 58.9 93.1 64.5
Large_960h 84.9 56.6 93.1 62.9
VoxPopuli 87.4 60.3 86.3 60.1

small.en
Base_960h 84.1 59.4 92.9 62.7
Large_960h 84.6 55.7 94.0 64.9
VoxPopuli 87.7 61.2 84.7 56.3

large-v2
Base_960h 84.1 60.3 93.2 65.4
Large_960h 84.9 57.1 93.5 65.7
VoxPopuli 87.7 61.7 84.9 58.7

speech regions.

Whilst wav2vec2.0 underperforms in both WER and word segmentation, we find

that it is far less prone to repetition errors compared to both Whisper and Whis-

perX. Further work is needed to reduce hallucination and repetition errors.

Effect of Chosen Whisper and Alignment Models

We compare the effect of different Whisper and phoneme recognition models on

word segmentation performance across the AMI and SWB corpuses in Table 5.4.

Unsurprisingly, we see consistent improvements in both precision and recall when

using a larger Whisper model. In contrast, the bigger phoneme model is not

necessarily the best and the results are more nuanced. The model trained on the

VoxPopuli corpus significantly outperforms other models on AMI, suggesting that

there is a higher degree of domain similarity between the two corpora.

The large alignment model does not show consistent gains, suggesting the need

for additional supervised training data. Overall the base model trained on Lib-

riSpeech performs consistently well and should be the default alignment model for

WhisperX.
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5.4 Conclusion

To conclude, we propose WhisperX, a time-accurate speech recognition system en-

abling within-audio parallelised transcription. We show that the proposed VAD

Cut & Merge preprocessing reduces hallucination and repetition, enabling within-

audio batched transcription, resulting in a twelve-fold speed increase without sac-

rificing transcription quality. Further, we show that the transcribed segments can

be forced aligned with a phoneme model, providing accurate word-level segmenta-

tions with minimal inference overhead and resulting in time-accurate transcriptions

benefitting a range of applications (e.g. subtitling, diarisation etc.). A promising

direction for future work is the training of a single-stage ASR system that can

efficiently transcribe long-form audio with accurate word-level timestamps.
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Chapter 6

AutoAD: Movie Description in

Context
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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; (ii) we address the

lack of training data by pretraining on large-scale datasets, where visual or

contextual information is 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.

∗: equal contribution
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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 6.1: 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.

6.1 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 feature

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.

2021a; Everingham et al. 2006; Tapaswi et al. 2012b; Q. Huang et al. 2018], the

recognition of their actions and inter-actions [Laptev et al. 2008; Marszałek et al.

2009; Patron-Perez et al. 2010; Vondrick et al. 2016], of their relationships [Kukleva

et al. 2020a], 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 [Research

and Center 2013], bringing its own challenges. First, AD provides dense descrip-

tions of important visual elements over time. Second, AD is always provided on
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a separate soundtrack to the original audio track and is highly complementary to

it. It is complementary in two ways: it does not need to provide descriptions of

events that can be understood from the soundtrack 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 frames as input and outputs AD in text form. Specifically, we

generate text given a temporal interval of an AD, and evaluate its quality by

comparing with the ground-truth AD. 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. 2017b], where the descriptions and character

names are treated separately.

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. 2018a] 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. 2017a] 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. 2016b; Yukun 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 con-

ditioned 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.
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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

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, and also

achieve impressive zero-shot results on the LSMDC multi-description benchmark

comparable to the finetuned state-of-the-art.

6.2 Related Works

Image Captioning. Image captioning is a long-standing problem in computer

vision [X. Chen and Zitnick 2014; Jeffrey Donahue et al. 2015; Karpathy and

Fei-Fei 2015; Kiros et al. 2014; Lu et al. 2018; P. 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. 2018a]. In doing so, strong

joint image-text representations can be learned [Radford et al. 2021], and image

captioning from raw pixels, with impressive results [Jiahui 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-
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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

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; Shaoxiang Chen and Jiang 2021; C. Deng et al. 2021;

Y. 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. 2018c]

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. 2017b] 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
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aligning movies to additional data sources such as plots [Xiong et al. 2019; Yidan

Sun et al. 2022], books [Tapaswi et al. 2015a; Yukun Zhu et al. 2015], scripts [Pa-

palampidi et al. 2019], and YouTube summaries [Bain et al. 2020a]. However, 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. 2017b], M-VAD

dataset [Torabi et al. 2015] and MPII-MD [A. Rohrbach et al. 2017b], 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 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 a 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 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; R. 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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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 6.2: (a) Overview of AutoAD: AutoAD consists of a frozen visual en-
coder (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 fed to a
text generation model.

6.3 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. Note that each movie clip is cut from the raw movie based on the times-

tamp [tstart, tend] given by the AD annotation. 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 fol-

low the storyline. To this purpose, an ideal AD generation system must be able

to exploit the full contextual information 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. 6.3.1), followed by our con-

textual components (Sec. 6.3.2), and finally the pretraining methods with partial

data (Sec. 6.3.3).

6.3.1 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-
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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

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.

6.3.2 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 clip (multiple frames), (ii) the previous movie AD,

and (iii) the movie subtitles. The architecture of our model is shown in Fig. 6.2.
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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 clip xi rather than a single image feature, and

outputs prompt vectors for the movie clip,

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 6.2.

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 clip. The past movie ADs are a

few sentences, which are first concatenated into a single paragraph, then tokenized

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] (6.1)

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
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Manual Veri.* 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 Angola, she stands in the Little Warrior, takes in her size about twice his own. As she steps past me. Defensively 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 6.3: Qualitative comparison of MAD annotations. We compare the
original 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.

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 movie clip Txi
is generated

by conditioning 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. 6.2. The model is trained with NLL loss,

LNLL = −log pΘ(Txi
|hxi

,hAD,hSub). (6.2)

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

the ground-truth past ADs are used in Eq. 6.2 to generate the current AD, and a

recurrent setting where the predicted past ADs are used instead.

6.3.3 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
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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 map-

ping network can be pretrained with 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. 6.2 is turned into

L = −log pΘ(Txi
|hxi

) for visual-only pretraining. Note that the language 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. 6.5. 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

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.

6.4 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 a subset of

this data using ASR, and also have access to the official DVD subtitles. Their
1https://audiovault.net

120

https://audiovault.net


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) the outdated ASR model

results in erroneous transcriptions; and (ii) official DVD subtitles are not exhaus-

tive of all speech in the movie and thus such a method frequently misidentifies

character dialogue as AD narration (an example is provided in Fig. 6.3). Fur-

ther, 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 issues by us-

ing 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 five stages: (1) speech

recognition using WhisperX [Bain et al. 2023] resulting in punctuated transcrip-

tions with word-level timestamps; (2) sentence tokenization using nltk [Bird 2006]

to provide sentence-level segmentation; (3) speaker diarization [Bredin et al. 2020b;

Bredin and Laurent 2021] to assign speaker labels to each sentence, where the sen-

tence timestamps are used as oracle voice-activity-detection (VAD); (4) labelling

the speaker ID of the AD narrator by selecting the cluster with the lowest pro-

portion of first-person pronouns (e.g. ‘I’ and ‘we’); and finally (5) 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] asMAD-

v1 and our new denoised annotations as MAD-v2. A qualitative comparison is

shown in Fig. 6.5, 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 de-

noised annotations:

MAD-v2-Named: It contains the raw collected AD narrations without any post-
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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. 2017b] 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 6.1: Statistics of Audio Description datasets. We report relevant
statistics to compare our MAD-v2 and Audiovault datasets.

processing on the character names.

MAD-v2-Unnamed: Following the character name anonymisation performed in

earlier works, we identify character names using a Named Entity Recognition

(NER) model [Polle n.d.] and replace them with ‘someone’.

6.5 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. 6.3.3, 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 denoising pipeline similar to that described

in Sec. 6.4 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 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 larger than prior AD

datasets (see Table 6.1), 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.
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6.6 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. 6.6.1). We then report results and discuss the findings, perform ablations on

our model, and compare to prior works (Sec. 6.6.2).

6.6.1 Implementation Details

Datasets

Training Datasets. CC3M (Conceptual Caption) [Sharma et al. 2018a] 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. 6.3.3. For the main Movie AD task, we train with original MAD-v1 and our

cleaned version MAD-v2, detailed in Sec. 6.4.

Test Datasets. LSMDC [A. Rohrbach et al. 2017b] contains 118K short video

clips with descriptions from 202 movies, of 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. We propose an evaluation split named MAD-eval by further excluding

LSMDC train&test movies from these 162 movies, which gives a subset consisting

of 10 movies. The reason is twofold: (i) LSMDC-train is commonly used by

other works as training data, and (ii) the character names of LSMDC-test are

not public. Similarly, we use both MAD-eval-Named and MAD-eval-Unnamed

versions. The ‘Unnamed’ version corresponds to the 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

WhisperX [Bain et al. 2023].

123



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 frame. These features are provided by the MAD dataset. For the visual

mapping network, we use a 2-layer transformer encoder with 8 attention heads

and 512 hidden dimensions, followed by a linear projection layer that projects 512-

d features into 768-d. We use ten prompt vectors. For the 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 with a causal attention map, and outputs the next token embedding

for every input token. We limit the generated number of tokens to 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

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.

We use the AdamW optimizer [Loshchilov and Hutter 2017] 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 when 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
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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. 2018a] 9.9 8.4 2.4 16.8
WV [Bain et al. 2021] 9.9 10.0 2.0 17.3

V+AD None 11.1 (13.3) 12.6 (17.8) 5.1 (5.8) 18.6 (22.1)
AV-AD 12.1 (13.9) 14.1 (19.0) 4.2 (4.8) 23.0 (23.7)
AV-AD, WV 11.9 (13.9) 14.3 (21.9) 4.4 (4.8) 24.2 (23.8)

V+AD+Sub AV-AD, WV 11.3 13.3 4.7 22.2
V+AD+SubN* AV-AD, WV 11.9 14.2 5.1 23.6

Table 6.2: 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.

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 compared with the ground-truth, we use classic

metrics including ROUGE-L [C.-Y. Lin 2004] (R-L), CIDEr [Vedantam et al.

2015] (C) and SPICE [P. Anderson et al. 2016] (S). We also report BertScore [T.

Zhang et al. 2020] (BertS), which evaluates word matching between a candidate

sentence and reference sentence with pretrained BERT embeddings. A higher value

indicates better text generation compared with the ground-truth.

6.6.2 Experiments on Movie Audio Descriptions

Effect of Temporal Context. In Table 6.2 we show that visual context from

multiple frames brings a clear gain for the AD task (C 6.7 vs 4.0). AD context

provides a consistent performance improvement under both oracle (C 17.8 vs 6.7)

and recurrent settings (C 12.6 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
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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 6.3: 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 12.1 14.1 4.2 23.0
AutoAD (ours) AV-AD & WebVid 11.9 14.3 4.4 24.2

Table 6.4: 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.

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 6.5: Results on the LSMDC 2019 Multi-Sentence Description pub-
lic 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. 2015b; Y. Yu et al. 2021].
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Figure 6.4: Effect of the length of context AD. We use the model ‘V+AD’
in Table 6.2, and train with different number of past AD sentences. ‘scratch’
indicates no partial-data pretraining; ‘pretrained’ refers to pretraining with text-
only AudioVault-AD.

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 6.5: Qualitative examples of automatically generated AD by Au-
toAD. 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].

the names and places. However, subtitle context provides no gain for our model

(C 13.3 vs 14.3) 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 (C 14.2 vs 13.3). Since the sub-

titles used are without speaker identities, the model may struggle to know which

character in the frame spoke each subtitle. Overcoming these challenges will be

considered in future work.

Effect of MAD data cleaning. Table 6.3 demonstrates the benefit of our

MAD 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
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captioning models with improved performance.

Effect of Pretraining with Partial Data. In Table 6.2, 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

visual 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 also improves

performance. For the recurrent AD context model, AudioVault-AD pretraining in-

creases CIDEr from 12.6 to 14.1, which indicates the great importance of adapting

to the text style and context. The combination of the visual module after visual-

only pretraining (WebVid) and the textual modules after text-only pretraining

(AV-AD) gives a further performance gain (C 21.9 vs 19.0 for the oracle setting,

and 14.3 vs 14.1 for recurrent).

Length of Context. In Figure 6.4 we show the effect of varying the number

of context ADs given to the model. Longer AD context improves performance

almost consistently across all settings, but it brings extra computational cost due

to the quadratic complexity of the attention operation in GPT-2. Note that we

experiment with at most 6 contextual AD sentences, which is equivalent to about

70-word embeddings in Eq. 6.1. The trend for the recurrent setting flattens when

the context ADs are longer than 3 sentences, which is probably due to the limited

power of processing long context for the GPT2 model.

Qualitative Results

Fig. 6.5 shows qualitative examples of our model. Under the oracle setting, the

model can use the character identities easily from the past ground-truth AD

(e.g. “master-at-arms”). Whereas under the recurrent setting, the model can only

learn names from the subtitles but names appear very sparsely in subtitles, there-

fore the model mostly predicts pronouns (e.g. “he”, “they”) but still gets the

actions (“looks”) or objects (“necklace”) correct.
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6.6.3 Comparison with Other Works

In Table 6.4, 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 6.5, we adapt our method to the Multi-Sentence Description task on

LSMDC, in which the model takes five consecutive clips and generates five corre-

sponding descriptions. Since the task is performed on the unnamed annotations,

we finetune our best model in Table 6.4 with varying 0-4 context ADs as input

on MAD-v2-Unnamed dataset and test with the recurrent setting. To make min-

imal changes, our model still takes a single clip feature at each step, whereas

previous methods take 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 15.4), effectively zero-shot. The

performance of the model can be further improved by additionally training on

LSMDC data.

6.7 Conclusion and Future Work

This paper focuses on the automatic generation of movie AD for a given time

interval, and has made significant progress. We propose an AutoAD pipeline that

incorporates contextual information. Additionally, we demonstrate the effective-

ness of partial-data pretraining, 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. However,

a clear limitation of this AutoAD pipeline is character naming – referencing who

is doing what, a necessary ingredient for story-coherent movie AD. Additionally,

future work could tackle the problem of when to generate AD, instead of relying

on the annotated AD timestamps.
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6.8 Appendix

We first show the details of the AD collection pipeline (Sec. 6.8.1) with qualitative

text examples (Sec. 6.8.2). Then we describe additional implementation details

(Sec. 6.8.4) with extra qualitative movie AD examples (Sec. 6.8.5). Finally, we list

the movie IDs used in our MAD-v2 split (Sec. ??).

6.8.1 AD Collection Pipeline Additional Details

WhisperX

input audio chunk
(mixed AD and movie audio)

0:00:13→0:00:16
He tries to hold it in as he 
gathers up his things and goes.

0:00:00→1:51:20

0:00:13 -> 0:00:16
He tries to hold it in as he 
gathers up his things and 
goes.

1:51:13 -> 1:51:20
Outside, in the middle of a 
busy street, Chris is in his own 
world.

Identify Narrator
& Sync.

output AD

…

0:00:13→0:00:16
Hey I’m walking here!

1:51:13→1:51:20
Outside, in the middle of a busy 
street, Chris is in his own world.

Diarization

0:00:13 →0:00:16
He tries to hold it in as he 
gathers up his things and goes.

…

0:00:13→0:00:16
Hey I’m walking here!

1:51:13→1:51:20
Outside, in the middle of a 
busy street, Chris is in his…

SPEAKER 
02

SPEAKER 
00

SPEAKER 
02

…

SPEAKER 
02

Figure 6.6: A schematic of our AD collection pipeline. The pipeline takes the
audio file (with mixed AD and movie audio) as input, and automatically outputs
the AD in text form with corresponding timestamps.

AD Collection Pipeline for MAD-v2

Collecting movie AD has two main challenges. First, in the audio files (e.g. from

AudioVault) the movie AD is fused with the original movie audio, i.e. on the

same audio track. The pipeline needs to identify the AD speaker among the movie

characters accurately. Second, for the same movie, the audio files from AudioVault

is usually not synchronised with the movie from which the MAD visual features

were extracted, mainly due to the varied durations of intro and outro of different

movie source. Since we rely on the MAD visual features, the synchronisation is an

essential step.

The automated data collection pipeline is briefly introduced in Sect. 6.4 of the

main paper. A schematic is shown in Fig. 8.1, in detail:

1. We transcribe the mixed audio file using WhisperX [Bain et al. 2023] which

provides accurate punctuated transcriptions with word-level timestamps.

2. The transcript is tokenized into sentences using the nltk python toolbox [Bird

2006], resulting in transcription sentences and their corresponding temporal
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segments (inferred the start and end time of the first and last word in the

sentence respectively).

3. Each sentence segment is assigned a single speaker identity (e.g. SPEAKER_00,

SPEAKER_01, etc.) by performing speaker diarization on the mixed audio,

whereby each sentence timestamp is provided as oracle voice activity detec-

tion. Specifically, we use SpeechBrain ECAPA-TDNN voice embeddings [De-

splanques et al. 2020] trained on VoxCeleb [Nagrani et al. 2017] and Agglom-

erative Clustering with a threshold of 0.95.

4. To automatically identify the cluster associated with the AD speaker, we ex-

ploit the third-person nature of AD narrations and select the cluster with the

lowest proportional occurrence of first- & second-person pronouns, e.g. “I”

and “you” with 95 or more speaker segments.

5. To synchronise the segment timestamps with the original audio track from

which the MAD visual features were extracted, we follow [Soldan et al. 2022]

and calculate the time delay τ between the original movie audio files and

the mixed audio files via FFT cross-correlation. The timestamps of the

identified AD segments are shifted according τ in order to synchronise them

to the visual features and subtitles collected in MAD.

AD Collection Pipeline for AudioVault

The collection pipeline for AudioVault is introduced in Sect. 6.5 of the main paper,

we provide more details here. To collect text-only AD annotations from Audio-

Vault, the final synchronisation step is unnecessary. Therefore, we follow steps 1-4

of the MAD denoising pipeline as described above, which takes as input the mixed

audio tracks and outputs the ASR with timestamps from the possible AD speaker.

The large-scale collection from AudioVault audio files is noisy, e.g. some ADs are

of lower-quality or are sourced from short movies. Therefore, we apply a stricter

filtering step that removes movies containing fewer than 100 AD narrations or a

word frequency of first- & second-person pronouns larger than 5%.
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Comparison with MAD-v1

The key advantages of our pipeline are three-fold: (1) it relies on audio-based

speaker separation to identify the AD speaker among the movie characters, whereas

the pipeline in the original MAD work [Soldan et al. 2022] relies on text-based

speaker separation by using the timestamps from the DVD subtitles and assumes

any ASR transcription outside of these timestamps is AD. The error is propagated

because the official subtitles are non-exhaustive (some dialogue is missed by the

official subtitles). (2) It requires only the mixed audio as input, whereas MADmust

also source the official DVD subtitles and align them – presenting additional scaling

costs and challenges. (3) It uses an advanced ASR model Whisper [Radford et al.

2022b] which gives much more accurate transcriptions than previous methods,

especially for punctuation and the spelling of names and other identities.

6.8.2 Qualitative Examples of MAD-v2 vs MAD-v1.

More qualitative examples of MAD-v2 and MAD-v1 are shown in Fig. 6.7 and 6.8.

It is clear that our pipeline produces more accurate AD compared to the original

MAD-v1, particularly in the spelling of names and the exclusion of dialogue.

133



(a)
Manual Verification With a dead-eyed stare, Chris sits in a cell.
MAD-v1 Bring him back right. with a dead eyed stare, Chris sits in a cell.
MAD-v2 (ours) With a dead-eyed stare, Chris sits in a cell.

(b)
Manual Verification Chris puts the rucksack on the floor.
MAD-v1 Chris puts the rock psych on the floor. 
MAD-v2 (ours) Chris puts the rucksack on the floor.

(c)
Manual Verification Later he sits in a diner with Christopher.
MAD-v1 Later he sits in a <?>.
MAD-v2 (ours) Later he sits in a diner with Christopher.

(d)
Manual Verification He comes up the steps.
MAD-v1 He comes up at steps. Can.
MAD-v2 (ours)  He comes up with  steps.

(e)
Manual Verification Chris looks ill as he watches Mr. Frohm's cab pull away.
MAD-v1 Chris looks sailors he watches Mr from cab pull away.
MAD-v2 (ours) Chris looks ill as he watches Mr. From's cab pull away.

(f)
Manual Verification An uneasy look flickers across Chris' face as Jay leaves the washroom.
MAD-v1 An uneasy look flickers across Chris's faces. Jail eats the washroom.
MAD-v2 (ours) An uneasy look flickers across Chris' face as Jay leaves the washroom.

Figure 6.7: Comparison of the AD quality from MAD-v2 with MAD-v1.
The erroneous transcriptions are marked in red text. ‘Manual Verification’ means
we manually transcribe the AD narration from the audio track. The sample is
originally from The Pursuit of Happyness (2006). The failure mode of MAD-v1
in each example is (a) dialogue leakage, (b) incorrect ASR, (c) missing words,
(d) dialogue leakage, (e) incorrect ASR and name spelling, (f) incorrect name
spelling.
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(a)
Manual Verification Sully adjusts his seat harness.
MAD-v1 Sully adjusts his seat harness, I.
MAD-v2 (ours) Sully adjusts his seat harness.

(b)
Manual Verification A male passenger looks up from his magazine.
MAD-v1 Oh yeah, a male passenger, looks up from his magazine.
MAD-v2 (ours) A male passenger looks up from his magazine.

(c)
Manual Verification Skiles turns to Sully in surprise.
MAD-v1 The hudson skiles turns to sully and surprise i.
MAD-v2 (ours) Skiles turns to Sully in surprise.

(d)
Manual Verification A sightseeing helicopter comes into view over the dark 
waters of the Hudson.
MAD-v1 <?> Sightseeing helicopter comes into view over <?>.
MAD-v2 (ours)  A sightseeing helicopter comes into view over the dark 
waters of the Hudson.

(e)
Manual Verification The Manhattan skyline appears just under the wings of Flight 1549.
MAD-v1 The manhattan skyline appears just under the wings of flight fifteen. Forty nine.
MAD-v2 (ours) The Manhattan skyline appears just under the wings of Flight 1549.

(f)
Manual Verification Sully sticks out an arm as the jet bellies down onto the river.
MAD-v1 <?> The jet bellies down onto <?>.
MAD-v2 (ours) Sully sticks out an arm as the jet bellies down onto the river.

Figure 6.8: (continue) Comparison of the AD quality from MAD-v2 with
MAD-v1. The erroneous transcriptions are marked in red text. ‘Manual Veri-
fication’ means we manually transcribe the AD narration from the audio track.
The sample is originally from Sully: Miracle on the Hudson (2016). The failure
mode of MAD-v1 in each example is (a) dialogue leakage, (b) dialogue leakage,
(c) dialogue leakage and incorrect ASR, (d) missing words, (e) number spelling
and sentence partitioning, (f) missing words.
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6.8.3 Quantitative Comparison between MAD-v2 vs MAD-

v1 on Grounding

We re-purpose the CLIP zero-shot video-language grounding (VLG) performance

from [Soldan et al. 2022] as an indicator of dataset quality. In detail, for both

MAD-v2 and MAD-v1, we randomly choose a set of 5 movies from the training

split, and compute the VLG performance with frozen CLIP visual and textual

encoders. The AD textual quality and timestamps are the only factors that differ

in this comparison. We use the MAD training split because we did not modify the

val/test splits, which are from LSMDC annotations. The code to compute VLG

performance is from https://github.com/Soldelli/MAD. The result in Table 6.6

shows MAD-v2 annotations also benefit the VLG task.

R@50 IoU@0.1 IoU@0.3 IoU@0.5
MAD-v1-Unnamed 32.08 22.85 14.26
MAD-v2-Unnamed 33.25 24.22 15.58

Table 6.6: CLIP zero-shot VLG performance on MAD-v1 and MAD-v2.

6.8.4 Additional Implementation Details

Design Choices.

• Number of frames per movie clipN : We chooseN = 8. Most AD annotations

have a time duration of 1-3 seconds, equivalent to 5-15 frames (features)

under 5 FPS – the sampling rate provided by the MAD dataset. Therefore

N = 8 is a reasonable choice.

• Number of AD sentences as context K: We experiment K ∈ {1, 2, 3, 6} in

Figure 6.4.

• Number of subtitles L: As described in Sect. 6.6.1, for simplicity we take the

most recent 4 dialogues within a 1-minute time window. Note that the time

distribution of subtitles varies a lot – the most recent 4 dialogues could span

just a few seconds or up to minutes before the current AD timestamp.

Evaluation Metrics. We use the pycocoeval package from https://github.

com/tylin/coco-caption to compute the ROUGE-L, CIDEr, SPICE and ME-
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Context AD: Professor Snape approaches behind 
Harry. Snape takes Harry down to his storeroom. 
Snape raises his wand. Harry body goes rigid.
GT: His mind fills with terrifying memories.
Pred-oracle: Snape's eyes widen in horror.
Pred-recurrent: His eyes widen.

Context AD: His mind fills with terrifying 
memories. Harry gasps in agony. The wind sends 
a flurry of snowflakes in all directions.
GT: The snow begins to settle on the towers and 
turrets of Hogwarts School.
Pred-oracle: The snow swirls around the castle.
Pred-recurrent: His head is surrounded by 
swirling snowflakes.

Context AD: Sirius closes the door. A gray sky is 
reflected in the river. Hogwarts School stands high 
on the cliffs above.
GT: Harry chats with Cho as they walk through the 
courtyard.
Pred-oracle: Hogwarts students stand at the front 
of the schoolhouse.
Pred-recurrent: Students wave their hands in the 
air.

Context AD: Surrounded by gushing fountains 
and ornamental palms, they look up at the house. 
Gatsby looks at Daisy framed by the fountain. 
It's an orange-squeezing machine.
GT: Daisy Gatsby and Nick swim on his private 
beech.
Pred-oracle: In the pool, Gatsby swims in the 
water.
Pred-recurrent: A man swims in the pool.

Context AD: Gatsby kisses her brow. Nick 
walks down a spiral staircase. Nick looks at a 
wall and a desk where pictures and trophies are 
displayed.
GT: A photograph of a distinguished old man.
Pred-oracle: He looks at a framed photo of a 
young woman.
Pred-recurrent: A photo shows a man in a suit 
and a woman in a dress.

Context AD: Nick and Daisy smile and Gatsby gestures 
towards the ballroom. Klipspringer a wild-haired young 
man with glasses, plays the organ.
GT: Gatsby reclines on cushions as Nick and Daisy 
dance in the ballroom, which is lit by hundreds of 
candles.
Pred-oracle: Nick and Gatsby stare at each other, then 
dance in the center of the ballroom.
Pred-recurrent: A man and a woman dance in a circle.

(a) (b) (c)

(d) (e) (f)

Figure 6.9: Qualitative examples of AutoAD model. We show the ground-
truth AD and the AD predictions under both the oracle and recurrent settings.
Previous AD context is shown in gray. Samples are taken from Harry Potter and
the Order of the Phoenix (2007) and The Great Gatsby (2013).

TEOR. The package post-processes both the predicted text and ground-truth

text internally to remove the punctuation and make them lowercase. To compute

the BertScore, we use the package from https://github.com/Tiiiger/bert_score.

Note that before computing the BertScore, both the predicted text and the ground-

truth text are converted to lowercase without any punctuation, as these are factors

that the BertScore is sensitive to.

Alternative approach for vision-language fusion. We investigate an al-

ternative vision & language fusion mechanism whereby the context AD sentence

prompts are fed as language features rather than raw text tokens. Empirically, we

observe that raw text inputs outperform language features (e.g. 12.6 CIDEr in

Table 6.2 vs. about 8.0 CIDEr when feeding language features).

137

https://github.com/Tiiiger/bert_score


6.8.5 Additional Qualitative Examples

More qualitative examples are shown in Fig. 6.9. It shows that the AutoAD model

gives reasonable descriptions for the movie domain, like the actions (swim, dance),

and face expression (eyes widen). Note that under the oracle setting, the model

is capable of learning character names (sample a, c, d, f) mainly due to the

extra information from the ground-truth context. The model is still limited in its

ability to identify characters accurately, e.g. in sample f, the movie shows Nick and

Daisy are dancing. Whereas the oracle prediction describes that Nick and Gatsby

are dancing, and the recurrent model simply predicts that a man and woman are

dancing. Also the pronouns often appear in the recurrent prediction, such as the

word ‘his’ in sample a and b, which shows the model learns the bias of pronouns

but cannot recognize characters correctly.
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Chapter 7

AutoAD II: The Sequel – Who,

When, and What in Movie Audio

Description

The paper has been accepted for publication at the International Conference on

Computer Vision (ICCV), 2023.
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Abstract

Audio Description (AD) is the task of generating descriptions of visual

content, at suitable time intervals, for the benefit of visually impaired au-

diences. For movies, this presents notable challenges – AD must occur only

during existing pauses in dialogue, should refer to characters by name, and

ought to aid understanding of the storyline as a whole.

To this end, we develop a new model for automatically generating movie

AD, given CLIP visual features of the frames, the cast list, and the tem-

poral locations of the speech; addressing all three of the ‘who’, ‘when’, and

‘what’ questions: (i) who – we introduce a character bank consisting of the

character’s name, the actor that played the part, and a CLIP feature of

their face, for the principal cast of each movie, and demonstrate how this

can be used to improve naming in the generated AD; (ii) when – we inves-

tigate several models for determining whether an AD should be generated

for a time interval or not, based on the visual content of the interval and

its neighbours; and (iii) what – we implement a new vision-language model

for this task, that can ingest the proposals from the character bank, whilst

conditioning on the visual features using cross-attention, and demonstrate

how this improves over previous architectures for AD text generation in an

apples-to-apples comparison.
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what did you do? Can I buy you a drink?
1:18:56 1:18:57 1:19:12 1:19:13

Target AD: As Karen stares groomly out of the 
window,  Jack approaches toying with a lighter. 

movie database

1:19:02 1:19:05
When to describe?

What happened?

subtitle

Who is in the scene?
Possible characters: Jack Foley 
played by George Clooney; Karen 
Sisco played by Jennifer Lopez.

audio

video

Figure 7.1: AutoAD II: We propose an automatic AD system that addresses
key challenges - when to generate AD, who is in the scene and what is happening
visually.

7.1 Introduction

For in acts we must take note of who did it, by what aids

or instruments he did it (with), what he did, where he

did it, why he did it, how and when he did it.

–Thomas Aquinas

Audio Description (AD) is the descriptive narration of visual elements in a video,

that are not represented in the original audio track. While there has been a

proliferation of online content with closed captioning1 due to advancements in ASR,

a vast majority of video online does not have AD, mostly due to the prohibitive

cost of generating it ($30 per minute2). Generating AD automatically at scale has

multiple benefits; not only does it improve access for the visually impaired – it may

also enhance the visual experience for sighted users (sight-free multitasking such

as driving, enhanced memory for visual details, language learning, and also aiding

those with other cognitive disabilities) [Perego 2016]. Generating AD for movies

is also an important research area in computer vision as it requires a system to

perform multi-modal reasoning of long videos over time.

Despite these benefits, the progress in generating AD is still at a very nascent stage,
1Transcription of the speech
2https://www.3playmedia.com/blog/select-audio-description-vendor/
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due to the following challenges: (a) An ideal AD generation system should perform

two tasks simultaneously – first, determine when to generate AD by proposing tem-

poral segments; second, generate AD for the proposed segments. Previous works

ignore the when completely, operating on already trimmed video segments [Y. Yu et

al. 2021]. (b) Secondly, given the strong relevance of characters to stories [Tapaswi

et al. 2019; Kukleva et al. 2020b], AD typically includes references to a character’s

name (who is in the scene), their emotion, and their actions. This is particularly

challenging as characters change from movie to movie. Due to anonymised test

sets (LSMDC [A. Rohrbach et al. 2015b]), the relevance of character names in AD

is often ignored [Y. Yu et al. 2021]. (c) Finally, AD also differs significantly from

image or video captioning [K. Lin et al. 2022; H. Luo et al. 2020; Seo et al. 2022]

in that it does not need to provide descriptions of events that can be understood

from the sound track alone (such as dialogue and ambient sounds) and should

incorporate previous context to create a pleasurable listening experience without

being repetitive or redundant. Such aspects require reasoning over multi-modal

inputs (i.e., vision, text, and speech) over time while determining what to generate.

In this work we propose an AD system that focuses on all these three W’s – when,

who and what (Fig 7.1).

To address when, we introduce a module to first propose temporal segments for

AD. The time intervals for possible AD are constrained in that they do not overlap

with the dialogue, but whether an AD is provided or not in the permissible time

intervals depends on a number of factors including: the importance of the visual

content to the story line, ambiguity in the audio soundtrack, and new information

relative to previous AD.

For who, we introduce an AD model that can incorporate character information

on-the-fly by referring to a text-visual character bank for that movie. One of

the challenges of AD is that each movie has a different set of characters (and the

actors that play them) that ought to be referenced in the AD captions. We address

this by training a visual-language model to refer both to the external character

bank and to the visual content of the scene when generating AD. The model can

then be applied to any movie, given its cast list, without requiring retraining.

This significantly improves references to characters, both in actual naming and

in pronouns, in the generated AD compared to previous methods [T. Han et al.
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2023] that could only access names and pronouns present in the dialogue. Since

character references appear in approximately 40% of AD, this is an important

improvement.

The final challenge is what to generate, and involves reasoning over multimodal

inputs – images, character bank and previous AD context. We do this via a

novel multimodal cross-attention architecture, which ingests proposals from the

character bank, and then conditions on visual features extracted from the movie

frames.

Our contributions are the following. (1) We introduce a Character Bank to en-

able our AD generation model to label the characters appearing in the film. (2)

We propose a Flamingo-style [Alayrac et al. 2022] architecture for the task, and

compare this approach to the prompt style [Mokady et al. 2021] architecture used

previously for AD [T. Han et al. 2023]. (3) We build a model for predicting when

AD should be inserted, i.e. where on the timeline (using speech detection and vi-

sual cues). (4) Given the existing challenges with captioning based metrics [Fujita

et al. 2020], we employ a new evaluation metric for the AD content performance

based on retrieval compared to other AD sentences in the movie. (5) We signifi-

cantly outperform the previous state-of-the-art on the MAD dataset [Soldan et al.

2022; T. Han et al. 2023].

7.2 Related Work

Dense Video Captioning. Dense video captioning is the task of temporally

localising and captioning all events in an untrimmed video [Krishna et al. 2017a;

T. Wang et al. 2021; L. Zhou et al. 2018c]. This differs from standard video

captioning [Sharma et al. 2018b; K. Lin et al. 2022; H. Luo et al. 2020; Seo et al.

2022], where the goal is to produce a single caption for a given trimmed video

clip. While most methods for dense video captioning [Krishna et al. 2017a; Iashin

and Rahtu 2020a; Iashin and Rahtu 2020b; Jingwen Wang et al. 2018; T. Wang

et al. 2020] consist of a 2-stage pipeline: a temporal localization stage followed by

an event captioning stage; recent works [Chadha et al. 2021; Shaoxiang Chen and

Jiang 2021; C. Deng et al. 2021; Y. Li et al. 2018; Mun et al. 2019; Rahman et al.
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2019; Shen et al. 2017; Shi et al. 2019; Jingwen Wang et al. 2018; T. Wang et al.

2021; L. Zhou et al. 2018c; A. Yang et al. 2023] jointly train the captioning and

localization modules in order to improve inter-event relationships. The datasets

for this task are largely obtained from web videos (e.g. YouCook2 [L. Zhou et al.

2018b], ViTT [G. Huang et al. 2020] and ActivityNet Captions [Krishna et al.

2017a]). Unlike these works, AD captions must be complementary to the audio

information, tell a coherent story, and must not overlap with dialogue.

Movie Understanding. Early pioneering works exploit movies to learn ac-

tions [Laptev et al. 2008]. The LSMDC [A. Rohrbach et al. 2015b] movie dataset

sources its annotation from AD narrations and applies significant post-processing

– character name anonymization and manual timestamp refinement – to ensure

high correspondence between the short video clips and their captions. A series of

short-form video tasks have since derived from LSMDC, including retrieval [Bain

et al. 2021], person grounding [Y. Yu et al. 2020], and sequential video captioning.

TPAM [Y. Yu et al. 2021] tackles the latter, prompting a frozen GPT-2 with local

visual features. Later works propose tasks that require more long-form modelling,

including aligning movies to books [Tapaswi et al. 2015a; Yukun Zhu et al. 2015]

and synopses [Xiong et al. 2019]; long video retrieval with the Condensed Movies

Dataset (CMD) [Bain et al. 2020b] and summarization [Papalampidi et al. 2021].

Characters in Movies. A distinctive characteristic of movie understanding,

setting it apart from other video domains, is its character-centric nature. Thus,

character recognition is a prerequisite for the task, and many works have proposed

automatic identification pipelines using face, voice, and body information [Ev-

eringham et al. 2006; Tapaswi et al. 2012b; Tapaswi et al. 2019; Nagrani and

Zisserman 2017; A. Brown et al. 2021c]. Similar to our work, [Nagrani and Zisser-

man 2017; Q. Huang et al. 2018; A. Brown et al. 2021b] initialize their character

recognition pipeline with actor portraits, which can be further refined with noisy

image captions [Q. Huang et al. 2020c]. Recently, CLIP has proved to be effective

for zero-shot frame-level character labelling [Korbar and Zisserman 2022], allevi-

ating the need for complex detection pipelines, which also inspires our character

identification pipeline from CLIP features. Dense labelling of characters in movies

and TV shows enables the modeling of interactions, relationships, and intentions

– which can be formulated into classification [Kukleva et al. 2020b], question an-
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swering [Lei et al. 2018], or captioning [Lei et al. 2020] tasks. Unlike these works,

we use a character bank in a zero-shot practical setting for a real-world task: au-

tomatic AD generation.

Automated Audio Description. Visual captioning for assistive technologies is

a growing area of computer vision research [Dognin et al. 2020; Gurari et al. 2020].

Yet, generating AD for video is still a relatively unexplored area of research. Initial

work [Y. Wang et al. 2021] applies heuristic cost-based filtering to video captioning

on ActivityNet to generate diverse and relevant captions more akin to AD.

Most similar to this work is AutoAD [T. Han et al. 2023], the first on AD generation

for movies. They adopt the MAD [Soldan et al. 2022] dataset for training, and

provide a cleaner set of AD annotations using their improved automated data

collection pipeline based on WhisperX [Bain et al. 2023]. With this new scalable

pipeline, they introduce AudioVault – a text-only AD corpus from over 7k movies

– to enable in-domain LLM pretraining, resulting in substantial improvements to

AD generation. They do not however tackle the problem of when to generate AD,

assuming these segments are given a-priori, nor do they deal with the problem

of who – with their model failing to generate coherent character names, a critical

component to story-coherent AD generation for long-form video content such as

movies and TV shows.

1st gated cross-attn

1st LM block ❄

...

n-th gated cross-attn

n-th LM block ❄

...

CLIP-V

...

frame features char. exemplars

perceiver 
resampler

Possible characters: Mike played by George 
Clooney <image>, Stephen played by Ryan 
Gosling <image>. Describe <video>:

GPT2

...

CLIP-V

...

frame features char. exemplars

perceiver 
resampler GPT2 ❄

Possible characters: Mike played by George 
Clooney <image>, Stephen played by Ryan 
Gosling <image>. Describe <video>:

learnable 
prompts

Targeted AD Targeted AD

(a) (b)

Figure 7.2: Architecture comparison: (a) x-attn based method vs. (b) prompt
learning based method. We use architecture (a) in this paper. The character
information is fed to the model in text form. Following Flamingo [Alayrac et al.
2022], we add text tags ‘〈image〉’ to indicate the association between texts and
character exemplar features. The model can also take context AD as additional
text input, by simply appending more input text tokens.
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7.3 New Models for Generating AD

Inspired by [T. Han et al. 2023], our method consists of adapting a large language

model (LLM) for the task of generating AD. In the following sections, we describe

three novel contributions: the first involves visual conditioning of multiple layers

of the LLM (Sec. 7.3.1) in order to generate AD within a given time segment; the

second describes a novel mechanism for incorporating character information on-

the-fly that enables the model to infer a character’s name in the scene (Sec. 7.3.2);

and the third presents a simple approach for proposing temporal segments for

where in time (when) the AD should be generated (Sec. 7.3.3).

7.3.1 A Visually Conditioned LM for Generating AD

Given a movie clip consisting of multiple frames xi = {I1, I2, ..., IN}, our aim is

to produce AD text Ti that describes the visual elements in a way that helps the

visually impaired follow the story line. To achieve this we build on the capabilities

of a pre-trained and frozen generative language model (LM). Broadly, two types of

architecture are currently used to condition a LM on visual inputs: (a) by introduc-

ing additional layers into the LM that cross-attend to the visual input (examples

include Flamingo [Alayrac et al. 2022]); or (b) by mapping the visual input to

tokens that act as prompts for the LM (examples include ClipCap [Mokady et al.

2021]). In both cases the LM is then able to generate descriptions of the visual

inputs. In our case we have multiple video frames (represented by CLIP [Radford

et al. 2021] vectors) and we use a Perceiver resampler to produce a fixed sized se-

quence of vectors for the visual input. The two types of architecture are illustrated

in Figure 7.2.

In this paper, we develop a model based on type (a), with additional cross-attention

layers in the LM. We describe this in more detail below, and demonstrate in the

results that it has superior performance over type (b) in our case. We also briefly

discuss the advantages and disadvantages of the two types of architecture below.

Architecture description. In detail, the architecture has three components:

(i) a CLIP encoder that generates visual features from the input movie frames

as z = fCLIP(I1, I2, ...); (ii) a Perceiver resampler that models the contextual
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information amongst these visual features and summarizes them into a sequence

of fixed-length vectors: x̂ = P([z; x]), where x are learnable latent states of the

Perceiver module P ; and (iii) trainable cross-attention blocks that are inserted

into the frozen language model. Each cross-attention block is controlled by a tanh

gating mechanism, which is initialized with zero values such that the language

model maintains its original activation at the beginning of the training as hj+1 =

hj + tanh
(
XAttn(hj, x̂, x̂)

)
, where hj is the hidden vector of the j-th block of

the language model and XAttn(q, k, v) denotes the cross-attention module with its

query, key and value inputs in order.

Flexibility for multimodal context. For our purposes the Flamingo-like ar-

chitecture offers flexibility: the input can simply be the video frames (via the

Perceiver resampler) and a text prompt to the LM, such as ‘Describe 〈video〉:’

to start the AD generation. However, in the case that additional image and text

context is available (as in the additional character naming and image examples

from the character bank, described below), then this can simply be prepended to

the prompt, and the trainable cross-attention layers learn how to correctly attend

to both the video frames and the image examples

In contrast, for the second type of architecture, where the visual input acts as a

prompt to the LM, it is necessary to train new tokens, such as BOS [T. Han et al.

2023], in order to separate visual prompts from text prompts and start the AD

generation.

In summary, both architectures build on frozen LMs (previous works [Alayrac

et al. 2022] show that finetuning an LLM on the task-of-interest can harm their

generalization) and have trainable parameters to allow the LM to condition on

the visual input and adapt to the AD task. However, the cross-attention type of

architecture offers greater flexibility and, as will be seen, superior performance.

7.3.2 Incorporating a Character Bank

Our goal is to recognize active characters – defined as those appearing on-screen

– in a given movie clip by leveraging the movie cast list from an external movie

databaseM, and thereby provide the information about active characters to the

AD generation. To this end, we (i) build visual character exemplar features by
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exploiting actor portrait images fromM, further calibrated by comparing against

the movie frames, and (ii) train a character recognition module that predicts the

active characters given their exemplars and the movie clip.

Given a long-form movie V , the corresponding cast list can be queried from the

database M. The character bank for this movie V can be written as BV =

{[charj, actj,Aj]}Cj=1, where C denotes the number of characters, charj is the

character name in the movie, actj is the actor name, and Aj is the actor’s por-

trait image from the movie database. Below are two example items in a character

bank:

{[Jack Dawson,Leonardo DiCaprio,ALD],

[Rose DeWitt-Bukater,Kate Winslet,AKW], ...}

Calibrating the actor portrait feature. An actor’s portrait image can differ

considerably in appearance from the character in the movie due to various fac-

tors, such as hairstyle, makeup, dress, ageing, or camera viewpoint [Nagrani and

Zisserman 2017]. In particular, for older movies with different dressing styles and

fewer close-up shots, actor portraits might lie very far from the movie’s frame in

the feature space. To overcome this issue, we propose a calibration step. Instead

of using the image features from the actor’s portrait, we retrieve the top-k nearest

frames within the same movie, and average the frame features to create an ex-

emplar for that character. Specifically, let zV = fCLIP(V) denote the sequence of

visual features of the movie V , and given a portrait image of actor j as Aj, we first

compute its visual feature zj = fCLIP(Aj), and compare it against zV via cosine

similarity. The character exemplar feature of actor j in the movie V can then be

computed by:

ej = 1
k

∑
zV

top-k( z>j zV
|zj| · |zV |

),
where top-k finds the indices of the k most similar frames and [.] symbol means

the indexing operation. In Appendix, we show this calibration procedure (i.e.,

replacing zj with ej) is essential for constructing reliable character banks.

Recognizing characters in the movie clip. Not all characters appear on-

screen at the same time. With a character bank BV for the movie V , our goal
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is to recognize the active characters that appear between times t1 and t2 to en-

able naming them in the AD generation. This character recognition task may be

achieved by face detectors [Jiankang Deng et al. 2020], or even speaker recognition

from voice [W. Xie et al. 2019]. However, for the movie datasets used in this work,

the absence of raw frames prohibits the use of face detection, and the characters

mentioned in AD may not necessarily be speaking. Instead, we propose to use a

character recognition module based purely on frame-level visual features and the

character bank information BV .

As shown in Fig. 7.3, both the exemplar features for each character {ej}Cj=1 and

the movie frame features V[t1,t2] are first fed to a linear projection layer, which

aims to project general visual features onto a face feature space. Then a relatively

shallow (2-block) transformer decoder takes both projected features and outputs a

probability for each character on whether they appear between times [t1, t2]. This

module is trained with a binary classification loss. The labels can be obtained from

face annotations from datasets like MovieNet [Q. Huang et al. 2020a]. In Appendix,

we also experiment with the labels obtained by running named entity recognition

(NER) [Nadeau and Sekine 2007] on the AD annotation, which performs worse

than MovieNet.

Unlike our proposed method, earlier work [T. Han et al. 2023] attempts to mine

character names from subtitles using NER and provide these as prompts to the AD

generation model – but this still fails to reference character names effectively. It

may be because character names occur sparsely in subtitles3 or names found may

refer to off-screen characters. In Appendix, we show that compared to the names

from the subtitle, the movie cast list (when narrowed down to those that appear on

the scene with our character recognition module) provides a much higher precision

and recall of active on-screen characters.

In Sec. 7.5.2, we also compare our model with another baseline method: thresh-

olding the similarity between the character’s exemplar and movie frame features

with a scalar α. This experiment shows that a simple transformer decoder module

outperforms the baseline.

Existing challenges. We notice that the NER-based label collection process is
3Based on the MAD-train movies, approximately 13% of subtitle sentences contain character

names, compared to 41% of AD.
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Figure 7.3: Character recognition module: Given character exemplar features for
C characters {ej}Cj=1, and movie frame features for a given clip, we formulate a
binary classification problem to determine whether each character is active in the
scene or not. The label can be obtained from character annotations like MovieNet,
and checking against the cast list in our movie database.

not exhaustive, e.g. character names referred to in AD may not be in the cast

list, or equally, on-screen characters may not be referred to in the corresponding

AD. Other than that, in AD sentences, Further, a character may be named in a

multitude of ways, e.g. first name only – ‘Albus’, or last name with a prefix – ‘Mr.

Dumbledore’, their professions, titles or pronouns – ‘Professor’, ‘Prof. Dumbledore’

or ‘He’, their relationships to other characters – ‘Aberforth’s brother’, or other

nicknames etc. Another challenge is that some ADs may contain references to

off-screen characters – ‘He went into Dumbledore’s office’. We leave the mining of

such references for future work.

Using the character bank for AD generation. A trained character recogni-

tion module can recognize the active characters in any video clip V[t1,t2]. Next, we

feed this character information into our AD generation pipeline.

In Sec. 7.3.1, we introduce a versatile cross-attention-based architecture which

supports textual and other multi-modal inputs. We feed in character information

to the model mainly by text prompting. In more detail, given a character list

for the movie clip V[t1,t2], we explore three different ways of supplying the active

characters in the scene. Let’s assume [char1, char2] are recognized as active. The

prompting templates are then:

1. “possible characters: char1, char2.”

2. “possible characters: char1 played by act1; char2 played by act2.”
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Figure 7.4: (a) Proportion of speech gaps containing AD relative to their
duration – very short speech gaps rarely contain AD, and large speech gaps
nearly always contain AD. The statistics are from the MAD training set. (b)
Architecture for AD temporal proposal classification. Given a speech gap,
the model classifies whether or not AD should be inserted in the gap, taking visual
and duration cues as input.

3. “possible characters: char1 played by act1 〈image〉; char2 played by act2

〈image〉.”

Note that in method (3), the 〈image〉 tag is purely in the text form; therefore, in

this setting, we feed in the character exemplar features [e1, e2] in the corresponding

order to the perceiver resampler, such that it can learn the association between

the character’s identity and the movie clip.

7.3.3 Proposing AD Temporal Segments

An ideal AD system must not only generate high quality AD narrations (what), but

must also decide when to generate AD. The Web Content Accessibility Guidelines

2.0 [Caldwell et al. 2008] outlines specific criteria for successful AD: (i) it must

only be added during existing pauses in dialogue; and (ii) it need not be added

when all of the video information is already provided in existing audio.

In practice, long pauses in dialogue and the subjectivity of the second guideline

mean these provide rather weak constraints on the timing of AD, resulting in large

variations between human-generated AD timestamps for the same movie4. Such

variation makes it difficult to learn and evaluate fine-grained model predictions of
4An analysis on Audio Descriptions and inter-annotator agreement is provided in the Ap-

pendix.
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proposed AD temporal segments. Therefore, we formulate the temporal proposal

task into one of binary classification: given an existing pause in dialogue, should

AD be inserted in the pause? This coarse-grained formulation has much higher

inter-annotator agreement and inherently satisfies the first guideline for generating

AD4.

Given a long-form movie V , our goal is to identify inactive speech regions and

classify whether or not they should contain AD. First we apply voice activity

detection (VAD) to the audio U , resulting in a sequence of N non-overlapping

segments each corresponding to active speech regions of the existing audio S =

[S1, S2, ..., SN ], where Si = (ti0, ti1). The inactive speech regions G in the existing

audio U , or speech gaps, are simply the inverse of the active speech regions S,

G = [G0, G1, ..., GN−1] where Gi = (Si[1], Si+1[0]). We then extract mean-pooled

CLIP visual features for the speech gap in question and the two adjacent speech

segments zi = fCLIP(Si, Gi, Si+1) ∈ R3×D. To inject duration information into the

model while still maintaining the feature dimension for multi-head attention, we

replace the last channel in the visual features with the duration of the queried

speech gap, z[:,−1] = |Gi|. The duration-injected visual features are then fed to a

transformer encoder, and the output [CLS]token is linearly projected to a single

logit for binary classification. We also investigate injecting audio features but this

did not improve classification performance (Sect. 7.5.3).

By analysing the distribution of AD data (Figure 7.4), we find that whether or not

AD is contained within a given speech gap is highly correlated with the duration

of said gap. In fact, gaps of two seconds or less contain AD only 17% of the time.

At the other extreme, gaps of 5 seconds or more contain AD 80% of the time. Due

to such strong duration correlations , we restrict the prediction task to speech gaps

between two and five seconds. The classification of whether to insert AD within

shorter or longer speech gaps can be obtained via a hard-coded rule.
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7.4 Implementation Details

7.4.1 Training Data

MAD [Soldan et al. 2022] is a movie audio description dataset consisting of

movie frame features and timed AD in the text form. We follow [T. Han et al.

2023] and use 488 movies as the training set. Specifically for AD, we use the same

preprocessing pipeline proposed in [T. Han et al. 2023] to obtain high-quality ASR

outputs. We use the ‘named’ version of MAD dataset. AudioVault-AD [T.

Han et al. 2023] is a text-only corpus of AD for 7057 movies downloaded from

the AudioVault website. The movies are not included in MAD dataset. We use

the AudioVault-AD for text-only pretraining. WebVid [Bain et al. 2021] is a

dataset of 2.5M captioned short videos for visual-only pretraining. We find the

NER from both LSMDC-train and MAD-train contain non-trivial noise, despite

the one for LSMDC-train having been manually verified. MovieNet [Q. Huang

et al. 2020a] is a movie dataset providing movie keyframes and various annotations

including character names for each keyframe. We choose an overlap of MovieNet

movies with MAD training movies to train the character recognition module.

7.4.2 Testing Data

MAD-eval [T. Han et al. 2023] consists of 10 movies for evaluating AD cap-

tioning from the LSMDC validation and testing set. The timestamps from LSMDC

are manually edited to ensure high visual correspondence with the caption. We

treat this as our standard evaluation for measuring AD caption quality.

MAD-t-eval is our proposed benchmark for evaluating AD time point prediction.

The edited timestamps in MAD-eval are not appropriate for measuring temporal

proposals because they are expanded and often overlap with speech segments.

Therefore we evaluate time prediction models on MAD-t-eval, consisting of three

movies (from MAD-eval) where the AD and their original timestamps are sourced

from Audiovault and manually verified. We restrict the evaluation to speech gaps

with a duration between two and five seconds, resulting in 530 gaps across the

three movies.
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7.4.3 Collecting Character Banks

The character information for movies can be collected from online databases or

review websites like IMDb5. In detail, for each movie in Audiovault, MAD-train

and the MAD-eval datasets, we download the top 10 cast information from IMDb

including the actor names, their character role name, and the actor portrait image.

Full details are provided in Appendix.

7.4.4 Training & Inference Recipe

In this section, we first outline the architectures used for each module in the AD

captioning system; we then describe how each module individually is pretrained;

and finally we describe the finetuning and inference details for the full AD cap-

tioning system.

Architectural components

AD generation model (Section 7.3.1) is built on top of GPT2-small, specifically

the open-source version from HuggingFace. We insert an X-attn block after each

of the transformer block of GPT-2. The perceiver resampler has two transformer

decoder blocks with 10 latent vectors. For the visual encoder, we use CLIP [Rad-

ford et al. 2021] ViT-B/32 model which extracts 512-d features for each movie

frame. These features are provided by the MAD dataset [Soldan et al. 2022].

Character recognition module (Section 7.3.2) consists of a linear layer and

a 2-block transformer decoder. It takes the movie character exemplar features

{ej} and movie clip features as input, and outputs a probability for each exemplar

feature.

AD temporal proposals (Section 7.3.3). For VAD, we use the pyannote model [Bredin

et al. 2020a]. For the temporal proposal classification model, we use a 3-layer

transformer encoder with sin-cos positional embeddings. For the visual and audio

features we use CLIP ViT-B/32 [Radford et al. 2021] and VGGish [Gemmeke et al.

2017], respectively.
5https://www.imdb.com/
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Pretraining recipe

To overcome the limited amount of paired AD training data, we follow [T. Han et

al. 2023] and perform partial data pretraining for each component in our modular

architecture.

GPT-2 (Section 7.3.1). We follow [T. Han et al. 2023] and perform secondary

in-domain pretraining of GPT-2 on the Audiovault text-only corpus to match the

text distribution for AD generation.

Video captioning (Section 7.3.1). We pretrain the cross-attention visual cap-

tioning blocks on 2.5M video-text pairs from WebVid [Bain et al. 2021], while

keeping the GPT-2 LM block weights frozen.

Character recognition module (Section 7.3.2). The module is trained on char-

acter name labels from MAD-L-char.

Finetuning & Inference

AD captioning (Section 7.3.1). With the recognized active character list as an

additional input and model parameters partially pretrained, the AD generation

model is finetuned on MAD-train with an AdamW [Loshchilov and Hutter 2017]

optimizer and 10−4 learning rate. For output text sampling, we use beam search

with the beam size of 5 and report results by the top-1 beam-searched outputs,

since it performs slightly better than greedy search on multiple scenarios. The full

training details are in Appendix.

AD temporal proposals (Section 7.3.3). The transformer encoder is trained on

the MAD dataset for three epochs, with a BCE loss and an AdamW [Loshchilov

and Hutter 2017] optimizer of learning rate 10−4. The classification task at training

and inference is restricted to speech gaps with durations between 2-5 seconds.

7.5 Experiments

The experimental section is organised as follows: we start by describing the eval-

uation metrics in Sect. 7.5.1; then in Sect. 7.5.2, we demonstrate the effectiveness
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Methods ROC AUC Average Precision

Cosine-Sim 0.72 0.55
TFM Decoder 0.93 0.87

Table 7.1: We compare different methods for recognising characters in a clip,
reported on ten MAD eval movies.

of our proposed architecture and training strategy, based on the groundtruth AD

time segments, for example, visually conditioned LM, effect of character bank, and

partial-data pretraining; in Sect. 7.5.3, we evaluate on the temporal proposal, and

present qualitative results in Sect. 7.5.4.

7.5.1 Evaluation Metrics

Classic metrics for text generation. We adopt classic captioning metrics to

compare the generated AD to the ground-truth AD, namely, ROUGE-L [C.-Y. Lin

2004] (R-L) and CIDEr [Vedantam et al. 2015] (C).

Retrieval-based metric for text sequence generation. We propose a new

recall-based metric: ‘Recall@k within N neighbours’ (R@k-N). In detail, given

two sequences of generated texts and ground-truth (GT) texts in their temporal

order, for each generated text at time point [t1, t2], we compute the Recall@k

with N adjacent GT texts, then average the score. To compute recall, we use the

BertScore [T. Zhang et al. 2020] as the text similarity measure. Classic captioning

metrics like CIDEr or ROUGE-L are mainly based on n-gram accuracy, which

tends to over-penalise the system on linguistic text variations, i.e. ecause there are

multiple ways to express the same meaning. The retrieval-based R@k-N metric

is less affected by these low level variations in the text.

Metrics for character recognition and time proposal. The character recog-

nition (described in Sect. 7.3.2) and the time segment proposal tasks (described

in Sect. 7.3.3) are formulated as multi-label and binary classification problems

respectively We report ROC-AUC and Average Precision for the classifiers, with

class macro-averaging for the multi-label case.
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Figure 7.5: The precision-Recall curve for the character recognition methods, com-
puted on 4 MAD-eval movies that have character annotations from MovieNet. We
compare two methods: thresholding actor-movie cosine similarity, and learned
transformer decoder on MovieNet. The precision/recall is calculated on a per-
character basis, i.e. the precision/recall of the cosine thresholds to correctly find
a character name mentioned in the AD. More baselines are described in the Ap-
pendix.

Exp. AD
Context PT Arch CharBank Settings R-L CSource Char. Act. Exem.

A1 7 7 Prompt - 7 7 7 9.3 6.7
A2 7 7 Prompt recog. 3 3 3 10.4 11.0

B1 7 7 X-Attn - 7 7 7 9.7 10.0
B2 7 7 X-Attn recog. 3 7 7 10.8 14.2
B3 7 7 X-Attn recog. 3 3 7 11.1 15.0
B4 7 7 X-Attn recog. 3 3 3 12.7 18.3
B5 7 7 X-Attn full-cast 3 3 3 10.9 14.9

C1 7 AV&WV X-Attn recog. 3 3 3 13.1 19.2
C2 3(recurrent) AV&WV X-Attn recog. 3 3 3 13.4 19.5

Table 7.2: Ablations for AD generation. We ablate the effect of the cross-
attention module and character bank, and show the effect of partial-data pretrain-
ing. All models are trained on MAD-train-named and evaluated on MAD-eval-
named. Performance is reported in terms of ROUGE-L (R-L) and CIDEr (C).

7.5.2 Audio Description on GT segments

This section focuses on the effectiveness of each proposed component in the AD

generation pipeline, based on the ground-truth AD time segments, as shown in

Table 7.2.

Architecture comparison

We investigate two ways for conditioning a pre-trained and frozen generative lan-

guage model (LM) with visual inputs, that is, (a) by introducing additional layers

into the LM that cross-attend to the visual input, or (b) by mapping the visual

input to tokens that act as prompts for the LM. Comparing rows ‘B1 vs A1’ and

‘B4 vs A2’ in Table 7.2, the architecture with newly introduced cross-attention
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Pred AD: Charlie writes on a 
piece of paper.

GT-AD: Charlie shows her his 
keel sketch.

(d)
90.0% 79.6% 22.8%

possible characters:
Charlie played by Zac Efron;
Florio played by Ray Liotta;
Tess played by Amanda Crew.

possible characters: 
Stephen played by Ryan Gosling;  
Mike played by George Clooney.

GT AD: Later, Stephen removes his wallet from his coat pocket.

Pred AD: Later, Stephen walks down the street with his hands in 
his pockets.

97.5% 92.9%

88.1% 35.2% 8.3%

GT AD: Hermione, Harry and Ron sit beside the lake.

Pred AD: Harry looks over his shoulder at Hermione, 
who sits on the edge of the pool.

possible characters: 
Hermione played by Emma 
Watson; 
Harry played by Daniel 
Radcliffe.

(a)

(c)

(b)

possible characters: 
Graham played by Mel Gibson; 
Merrill played by Joaquin Phoenix; 
Morgan played by Rory Culkin.

97.3% 95.9% 25.1%
Pred AD: Graham stares at the 
door, then turns and walks away.

GT AD: uncomfortable, 
Graham goes.

Figure 7.6: Qualitative results of our results with character bank. For a given movie
clip, the character recognition module can recognize active characters on-the-fly and its
results are fed into the AD generation pipeline. Note that for character recognition, we
threshold the ‘active’ characters in the scene with a probability of 20% to encourage
a higher recall. The probability shown below characters’ portraits is the output of our
recognition module, with correctly recognized characters marked using an orange border.
For visualization purpose, we show the character’s IMDb portrait image but the model
actually takes in exemplar features as input. Three frames are shown for each movie
clip. To illustrate the effect of character bank, this model is trained without context AD
– that is, naming information is only from the character bank. The movies are from:
(a): Ides of March (2011), (b): Signs (2002), (c): Harry Potter and the Goblet of Fire
(2005), (d): Charlie St. Cloud (2010).

outperforms the prompting-based architecture both with or without the character

bank inputs. The performance gain comes from greater interaction between visual

and textual features by its interleaved design.

Effect of character bank

Here, we start by investigating the effect of incorporating the character bank in

three different ways as discussed in Sect. 7.3.2, followed by comparing our proposed

character recognition module with a naïve baseline.

Choices for exploiting character bank. By default, the model takes the pre-

dicted ‘active’ characters in the scene from the character recognition module. From

the comparison rows ‘B1-4’, we can draw the following observations: (i) injecting

character names gives a clear performance gain (‘B2 vs B1’), highlighting the de-

pendency of the AD task on character names; (ii) inputting additional actor names

only brings marginal improvements (‘B3 vs B2’), we conjecture this is because

CLIP have seen large number of celebrities’ picture-names pairs at pre-training

stage, the visual features have thus already encoded such information; (iii) feeding

in characters’ exemplar features improves the performance (‘B4 vs B3’), showing
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Methods ROC AUC Average Precision

Baseline (D) 0.70 0.53
TFM (V) 0.71 0.52
TFM (V+D) 0.78 0.61
TFM (V+A+D) 0.73 0.55

Table 7.3: Results on the binary AD temporal proposal task on the MAD-t-eval
benchmark. TFM refers to the transformer encoder architecture where V, D, and
A refer to visual, duration and audio features respectively.

the complementary nature of visual-textual features; (iv) presenting the full cast

list (i.e. ll 10 characters downloaded from IMDb) as character bank leads to inferior

performance, as shown by comparison between B4 and B5. This is because the full

cast list introduces irrelevant characters to the AD generation pipeline and harms

the training, especially with a limited size of training data. This comparison also

shows the necessity and effectiveness of our character recogition module, which

provides a higher-quality character list to aid AD generation.

Character recognition module. We compare the proposed character recogni-

tion module (described in Fig. 7.3) with the baseline method that simply thresholds

CLIP similarities between exemplar features and frame features. Specifically, we

train the character recognition module on LSMDC-train movies and report results

on MAD-eval set consisting of 10 movies. Since the task of recognizing active

characters is a binary classification, we report ROC-AUC and Average Precision,

as shown in Table 7.1, our proposed character recognition module clearly outper-

forms the baseline by a large margin. More details and discussion on a PR curve

are provided in supplementary.

Partial-data pretraining and context

Following [T. Han et al. 2023], we also pre-train our model with partial-data, for

example, AudioVault and WebVid, as well as incorporate previous AD as context

for the model. The results show that AD generation can be further improved

by combining these methods, showing that our newly introduced cross-attention

module and character bank are orthogonal to the contributions in [T. Han et al.

2023].
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7.5.3 Temporal proposal results

In Table 7.3 we compare the different time proposal classification models with

the baseline threshold method. We see that CLIP visual features combined with

the gap-duration feature (V+D) significantly outperforms the baseline and other

modality combinations. Surprisingly we find that VGGish audio features worsen

classification performance, which could be attributed to the weaker correlation

compared to visual and duration.

7.5.4 Qualitative Results

Fig. 7.6 shows four qualitative examples. It shows that the character recognition

module is able to recognize active characters reasonably well, and the AD gen-

eration module can associate the active characters with the descriptions. Note

that even if the character recognition module proposes incorrect characters, the

AD generation pipeline has learned to ignore such irrelevant characters for AD

generation, such as ‘Mike’ in sample (a) and Morgan in sample (b). Given that a

large portion of AD sentences (41%) contains human identity like those samples,

recognizing characters is an essential capability for high-quality AD generation.

More examples in the Appendix.

7.5.5 Comparison with state-of-the-art

In Table 7.4, we report AD captioning results on the MAD-eval benchmark and

achieve state-of-the-art performance by considerable margins across both the local

and recurrent settings. Note that our method without context AD or AV/WebVid

pretraining already surpasses AutoAD-I (CIDEr 18.3 vs 14.3). Adding partial data

pretraining on AV/WebVid and context AD further increases the performance

(CIDEr 19.5 vs 14.3).
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Methods Time window Pretrain Data R-L C R@5-16

ClipCap [Mokady et al. 2021] local CC3M 8.5 4.4 36.5∗
AutoAD-I [T. Han et al. 2023] local WebVid 9.9 10.0 38.2∗
AutoAD-I [T. Han et al. 2023] local AV & WebVid 10.3 12.1 39.8∗
Ours local None 12.7 18.3 45.6
Ours local AV & WebVid 13.1 19.2 51.3

AutoAD-I [T. Han et al. 2023] recurrent AV & WebVid 11.9 14.3 42.1∗
Ours recurrent AV & WebVid 13.4 19.5 50.8

Table 7.4: Comparison with other methods on MAD-eval benchmark under both
the local (without AD context) and recurrent (with previously predicted AD as
context) settings. ∗Denotes results re-implemented by us using the same evaluation
setting.

7.6 Discussion and Future Work

Taken together this paper has proposed all the elements needed for a fully au-

tomated AD system: when to produce AD, what it should contain, and who it

should describe (naming). Note these sub-tasks can probably be done jointly by

using a transformer decoder with special time tokens, such as Whisper [Radford

et al. 2022a] or Vid2Seq [A. Yang et al. 2023]. Predicting accurate timestamps for

such architectures [Bain et al. 2023], modelling long-term dependency and lever-

aging multi-modal information are exciting challenges towards human-level movie

understanding.

7.7 Appendix

7.7.1 Downloading cast information

As briefly described in the main paper Section 4.3, We download cast infor-

mation from IMDb6. Specifically, we first query the movie based on its IMDb

ID, e.g. tt0120780, which is provided by the datasets like AudioVault-AD [T. Han

et al. 2023] or MAD [Soldan et al. 2022]. Next, we download the cast list under

the HTML element ‘<span>Top Cast</span>’, where each item in the list contains

the actor name, the character name and a portrait picture of the actor. For each

movie, we download such information for up to 10 characters.
6https://www.imdb.com/
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Special Cases. Some characters in the cast list do not have corresponding por-

trait pictures. Among 488 movies from MAD-train, we find 293 movies have

missing portrait pictures in their top-10 cast list. By manual verification, we find

it is typically because the actors are less known and therefore do not have an IMDb

profile page – since most of the IMDb data source is contributed by volunteers,

there exists an inevitable bias towards celebrities or well-known movies. In such

cases, we remove the characters in our data collection pipeline. Overall, among

488 movies from MAD-train, there are 17 movies with less than 5 characters down-

loaded, and one movie has an empty character list, which is Human Flow (2017)7,

a documentary.

7.7.2 Statistics of movie AD and subtitles

Frequency of names and pronouns. Table 7.5 and 7.6 show the frequency

of names and pronouns on AD and subtitles respectively. The frequency is calcu-

lated on a per-sentence basis, that is, if any name (from Named-Entity Recognition

(NER) outputs) or pronoun exists in the AD/subtitle sentence, the count is accu-

mulated by one. The tables show that a substantial 39.1% of AD sentences contain

character names, compared to only 13.3% for subtitles. Generating sentences with

correct names is an important aspect of AD quality. Note that in this analysis,

we discard the intro and outro of the movie for more reliable frequencies. The AD

during those periods mainly performs an OCR task – introducing the producers,

the name of the studio or reading movie credits at the end, which includes a large

number of ‘[PER]’ tags from the NER outputs.

Unique names within each movie. From the NER output of AD sentences,

we aggregate the unique words with ‘[PER]’ tags for each movie. For 488 movies

in MAD-train, we found on average there are 69 unique names for each movie,

with a maximum of 176 unique names and a minimum of 3 unique names. The

number is much higher than the length of a typical cast list because (i) characters

could be mentioned in different ways, e.g. by their first-name, last-name or titles,

(ii) the names mentioned in AD do not correspond to characters, e.g. Gryffindor
7https://www.imdb.com/title/tt6573444/
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from 488 MAD-train movies quantity ratio

all AD sentences 310,494 100%

AD with [PER] tag 121,557 39.1% (40.7%†)
AD with pronouns∗ 111,974 36.1%
AD with ([PER] tag or pronouns) 202,256 65.1%

Table 7.5: Frequency of names or pronouns in the AD sentences. The numbers
are based on MAD-train movies after removing the intro and outro of the movies.
The ‘[PER]’ is the entity category for ‘person’ from NER outputs. ‘†’: If including
AD from intro and outro, the percentage of AD with [PER] tag is 40.7%, which
is reported in the main paper page-4 and 8. ‘*’: We count the occurrence of any
one of six pronouns {she, her, he, him, they, them}.

from 488 MAD-train movies quantity ratio

all subtitle sentences 628,613 100%

subtitles with [PER] tag 83,904 13.3%
subtitles with pronouns∗ 150,564 24.0%
subtitles with ([PER] tag or pronouns) 216,410 34.4%

Table 7.6: Frequency of names or pronouns in the subtitles. The numbers are
based on MAD-train movies. The ‘[PER]’ is the entity category for ‘person’ from
NER outputs. ‘*’: We count the occurrence of any one of eight pronouns {she,
her, he, him, they, them, i, me}.

for the college name, (iii) errors or noises of the NER pipeline that the words are

partitioned incorrectly.

Visualization of AD and subtitles on the time axis. Following The Web

Content Accessibility Guidelines 2.0 [Caldwell et al. 2008] (also introduced in the

main paper Section 3.3), successful AD should be added during existing pauses

in movie dialogues. In Figure 7.7, we visualize both ground-truth AD and movie

subtitles on the timeline for 15-second and 10-minute movie clips to illustrate this

interleaved property of ground-truth AD and subtitles.

Stats of inter-annotator agreement. As briefly described in Section 3.3, the

timestamps of human-generated AD vary for the same movie, especially during

long pauses in dialogue. On the AudioVault website, a small portion (less than

20%) of movies have more than one AD versions or multi-lingual AD versions.

Figure 7.8 shows an example movie clip with its two AD versions on AudioVault-

AD. Those two versions describe the same movie but are provided by annotators
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38:26 38:28 38:30 38:32 38:34 38:36

Speech

AD

Get your hands up! Are you kidding me? Goodness you’re a baby. Honey, you’re locked in.

He’s got a hairdryer. He lifts the loo seat.

38:24

01:27:50 01:27:52 01:27:54 01:27:56 01:27:58 01:28:00

Speech

AD

I am worn out.

Brian looks back at Michelle and Adam and grins.

01:27:48

Adam and Michelle sit on a sofa together.

38:26 38:28 38:30 38:32 38:34 38:36

Speech

AD

Get your hands up! Are you kidding me? Goodness you’re a baby. Honey, you’re locked in.

He’s got a hairdryer. He lifts the loo seat.

38:24

01:27:50 01:27:52 01:27:54 01:27:56 01:27:58 01:28:00

Speech

AD

Just like Candy. I am worn out.

Brian looks back at Michelle and Adam and grins. He drops over to the car.

01:27:48

Adam and Michelle sit on a sofa together.

01:00:00 01:01:40 01:03:20 01:05:00 01:06:40 01:08:20 01:10:00

AD

Speech

Figure 7.7: Timeline visualization of a movie with its original dialogue (speech)
and human-generated Audio Description (AD). AD is inserted at appropriate times
between speech, describing relevant visual elements in the frames. The top and mid
figures show movie clips spanning 15 seconds with corresponding frames and texts,
the bottom figure shows a movie clip spanning 10 minutes with only timestamps.
The movie shown here is Death at a Funeral (2010) with IMDb ID tt1321509. The
corresponding AD is sourced from AudioVault-AD (ID 17295).

from the US and UK respectively. Comparing the middle blocks with the lower

blocks in Fig. 7.8, it can be seen that AD sentences from the two versions have

different start/end timestamps (both shown in orange blocks). We also notice

that character names are referred to differently in both AD versions, e.g. the AD

at 20:40. Incorporating multiple versions of AD of the same movie would be an

interesting research direction. In this paper, we only consider one AD version for

each movie by choosing the version with a lower AudioVault ID.

7.7.3 Training details

Character recognition module

Architecture details. See Table 7.7 for the details of character recognition

module.
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20:44 20:48 20:52 20:56 21:00

Michael and Martine 
work in a lab.

Michael drops a blood sample into a steel tube, 
then looks at data on a computer monitor

20:40

Speech

Martin looks on intently as blue lines fill the monitor, 
showing the merging of bat and human samples.

Bancroft and Michael 
work in a makeshift lab

Morbius squeezes a drop of blood onto a DNA 
analyzer, then looks up at the monitor.

Diagram shows strands of human DNA being replaced by strands of 
bat DNA. Text pops up. Procedure complete. Chimera cells stable.

AD 
[US version, 16158]

AD
[UK version, 16164]

Putting another one in the 
oven. Wish me luck.

The moment 
of truth.

Figure 7.8: Timeline visualization of the same movie clip with its original di-
alogue (speech) and two versions of human-generated Audio Description (AD).
Note that disagreements of timestamps exist between different versions of AD
for the same movie clip. The movie clip is from Morbius (2022) with IMDb ID
tt5108870. The two versions of AD are from AudioVault-AD with ID 16158 (US
annotator) and 16164 (UK annotator). The characters who appeared in the scene
are Dr. Michael Morbius and Martine Bancroft.

num blocks 2
channel 512
num head 8
ff dimension 2048

Table 7.7: The architecture details of the character recognition module, which
consists of a 2-layer transformer decoder.

Training recipe. The character recognition module is trained with noisy labels

acquired from AD sentences with NER outputs, as described in the main paper

Section 4.1. The model is trained with AdamW optimizer with a learning rate

of10−4 for 10 epochs with a batch size of 512 movie clips. The loss is binary

cross-entropy with label balancing.

Other pretraining with partial data.

We follow [T. Han et al. 2023] for the pretraining with partial data. Specifically,

we use the text-only AudioVault-AD dataset to finetune the last 6 blocks of a Web-

Text pretrained GPT2 for 5 epochs. We also use the video-text data from WebVid

to pretrain the perceiver resampler and X-Attn blocks for 5 epochs, but with GPT2

weights frozen. Both pretraining procedures can be achieved in parallel, and the

trained weights from both settings can be combined as an initialization for the AD

generation finetuning.
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The final finetuning.

Architecture details. See Table 7.8 for the details of the perceiver resampler

and X-Attn blocks.

Perceiver Resampler

project layer† 512–768
num latent 10
num blocks 2
channel 768
num head 12
ff dimension 3072

X-Attn

num blocks 12∗
channel 768
num head 12
ff dimension 3072

Table 7.8: The architecture details of perceiver resampler and X-Attn blocks. †:
The perceiver resampler takes 512-d CLIP visual features as input. Those features
are first projected to 768-d for further computation. ∗: We insert 12 X-Attn blocks
into 12-block GPT2-small model, that is one X-Attn block for each GPT2 block.

Training recipe. The AD generation pipeline is trained (or finetuned) on MAD-

train data with a batch size of 64 movie clips for 10 epochs. We use the AdamW

optimizer with a cosine-decayed learning rate schedule with a linear warm-up.

The default learning rate is 10−4. The GPT2 weights are frozen when training for

AD generation. The trainable parameters are the perceiver resampler and the X-

Attn blocks. For the textual character information (e.g. Jack played by Leonardo

DiCaprio ...), we right-pad the sequences of text tokens for up to 64 tokens. For the

contextual AD information, we right-pad the sequences for up to 32 tokens. For

the character’s exemplar features, we pad with zero values for up to 10 characters.

Temporal Proposal Classification

Architecture Details. See Table 7.9 for the details of the temporal proposal

module.

Training recipe. The temporal proposal module needs a triplet of visual/audio

features to make a binary decision (as described in the main paper Section 3.3)

– the features before/during/after the dialogue gap. The model is trained with
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project layer† 512 – 128
num blocks 6
channel 128
num head 4
ff dimension 256

Table 7.9: The architecture details of the temporal proposal classification module.
†: The module takes 512-d CLIP visual features as input. Those features are first
projected to 128-d for further computation.

(a) (b)

Irving Rosenfeld 
played by 

Christian Bale

Top-5 exemplars 
in the movie:

Top-5 exemplars 
in the movie:

Sydney Prosser
played by 

Amy Adams

(c)
IMDb portrait IMDb portrait

Figure 7.9: Details of calibrating cosine distance and leveraging IMDb portrait im-
ages. (a) Cosine similarity between actors’ IMDb portrait images and the movie
features before calibration (only a one-hour clip is shown for clarity). (b) Co-
sine similarity between characters’ in-movie exemplar features with the movie fea-
tures, i.e. after calibration. The same one-hour clip is shown. (c) Visualization of
top-5 exemplars for two characters, which are simply obtained by taking the top-5
peaks from Fig.(a) for each actor. The movie samples are from American Hustle
(2013) with IMDb ID tt1800241.

a batch size of 64 feature triplets for 3 epochs on MAD-train movies. We use

AdamW optimizer with a learning rate of 10−4.

7.7.4 Analysis

Tanh gating during training

Following Flamingo [Alayrac et al. 2022], we visualize the absolute value of tanh

gating for each X-Attn block during training, which could be a rough indicator

showing how much visual information is conditioned by the GPT-2 model. In

contrast to Flamingo Fig. 6 that their tanh gating values are much closer to 1, our
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Figure 7.10: Monitoring Tanh gating during the training process. There are two
Tanh gates for each X-Attn block: one for X-Attn operation and the other for
feed-forward operation. Please refer to [Alayrac et al. 2022] for details. In this
figure, the X-Attn blocks are trained from randomly initialized weights, thus the
gating value starts from zero.

Figure 7.10 shows the tanh values have a similar increasing trend during training

but the final value is much lower. It indicates a longer training schedule with a

larger dataset would further benefit our model.

Character recognition module

Cosine distance and calibration. As shown in Figure 7.9-(a), the cosine sim-

ilarity between actors’ IMDb portrait images and the movie features is not a good

indicator of in-screen or off-screen actors. For example, the peaks of the blue

curve (Irving Rosenfeld) are always higher than that of the purple curve (Rosalyn

Rosenfeld). As introduced in the main paper page 4, in order to compensate for

the variance of appearance from IMDb portrait images, we find exemplars of the

actors in the same movie as a calibration process. Figure 7.9-(c) shows two ex-

amples of exemplar searching, which is achieved by simply taking the top-5 peaks

for each actor in Fig. 7.9-(a). Next, we use the averaged exemplar features to

replace the original IMDb portrait features and re-compute the cosine similarity.

As shown in Figure 7.9-(b), the calibration process normalizes the cosine similarity

and makes the comparison between actors more meaningful.
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possible characters: 
Kyle played by Tyrese Gibson;  
Jeep played by Lucas Black;
Charlie played by Adrianne Palicki.

GT AD: Jeep helps Charlie up.

Pred AD: Jeep grabs her by the waist and 
lifts her off her feet.

87.6% 40.4%

89.9% 86.7% 63.2%

GT AD: later, Rebecca scrolls through an 
online profile, looking at photos of Irene 
with beautiful women.

Pred AD: Rebecca's smile fades as she 
looks at the photo.

possible characters: 
Sara played by Minka Kelly;
Rebecca played by Leighton Meester; 
Irene played by Danneel Ackles.

(a) (b)

77.6% 52.9% 15.5% 0.2%

possible characters: 
Merrill played by Joaquin Phoenix; 
Graham played by Mel Gibson; 

89.8%96.5%
Pred AD: Merrill stares at him, his 
brow furrowed.

GT AD: Merrill looks at 
Graham then, nods.

(c)

possible characters: 
Marius played by 
Eddie Redmayne; 
Fantine played by 
Anne Hathaway. 

Pred AD: the boy looks up at his father, who 
stares back at him with a furrowed brow.

GT AD: holding Cosette, Valjean turns 
and sees a man with a spade.

(d)

37.6%

Figure 7.11: Following the same style as the main paper Figure 5, we show qualita-
tive results with the character bank. The probability shown below the characters’
portraits is the output of our character recognition module, with correctly rec-
ognized characters marked using an orange border. We use 20% as the decision
boundary for active characters. The movies are from (a): Legion (2010), (b):
Signs (2002), (c): The Roommate (2011), (d): Les Misérables (2012).

Other character annotation dataset. In the main paper, we use the manu-

ally annotated character annotation from the MovieNet dataset. But the character

labels can also be obtained with weakly annotated data, such as the AD annota-

tion.

We propose a dataset namedMAD-L-char for movie character recognition, which

is sourced from MAD-train and LSMDC-train. The character names in MAD-L-

char are automatically mined in two steps: (1) running named entity recognition

(NER) [Nadeau and Sekine 2007] on the AD annotation, and (2) computing the

intersection with the movie’s cast list. Specifically, the NER on MAD-train is

sourced by running an open-sourced model 8, and the NER from 139 LSMDC-

train movies can be obtained from the LSMDC annotations.

P-R curve for character recognition. In addition to the main paper Table

1 and Fig. 5, here in Fig. 7.12, we compare three PR curves: thresholding actor-

movie cosine similarity, learned transformer decoder on MAD-L-char, and learned

transformer decoder on MovieNet. The PR curve shows that the model trained

on manually annotated MovieNet dataset clearly outperforms the same model

trained on the automatically mined MAD-L-char dataset. Note that for some

movies, even the top 10 characters downloaded from IMDb may not cover the main

characters, such as the Harry Potter series which has a very large cast list.
8https://huggingface.co/Jean-Baptiste/camembert-ner
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Figure 7.12: More Precision-Recall curves for the character recognition methods.
We show three methods: thresholding actor-movie cosine similarity, learned trans-
former decoder on MAD-L-char, and learned transformer decoder on MovieNet.
The precision/recall is calculated on a per-character basis, i.e. the precision/recall
of the cosine thresholds to correctly find a character name mentioned in the AD.
More baselines are described in the Appendix

Statistics of recognized active characters. After the character recognition

module is trained, we simply choose the standard probability of 0.5 as the threshold

for the decision boundary. With a threshold of 0.5, the character recognition

module achieves 0.83 recall and 0.75 precision on MAD-eval movies (read from

Figure 7.12). Next, this module can be used to recognize active characters in any

public movie, either offline or on-the-fly. Among more than 300k AD sentences

in MAD-train, the character recognition module predicts 1.3 active characters

on average per AD sentence, with 94.8% AD sentences having no more than 5

predicted active characters and 14.6% AD sentences having zero active characters.

Temporal proposal classification module

For the binary temporal proposal classification task described in Section 3.3 of the

main paper, we propose a simple decision-based baseline whereby any speech gap

with a duration greater than a fixed threshold is classified to have AD inserted, and

not AD inserted otherwise. In Table 3 of the main paper, the Average Precision

and ROC AUC is calculated by varying the fixed threshold at 100 values equally

spaced between 2.5 and 7.5 seconds.

Learning with subtitles

In addition to the character bank, we find feeding in subtitles as model inputs does

not further improve performance. There are two possible reasons: (i) usually the

subtitles do not describe the scene or characters, and (ii) the character names are
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already supplied by the character bank. Leveraging movie subtitles effectively is

a promising future direction.

7.7.5 More qualitative results

More qualitative results are shown in Figure 7.11. Note that in (d), the girl in

the scene (young Cosette played by Isabelle Allen) is not in the top cast whereas

our top cast contains the adult Cosette played by Amanda Seyfried, shown in red

border. Recognizing characters in such cases is challenging but it indicates the

character recognition module has a large space for improvement.
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Recognition
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Chapter 8

Automated Audiovisual Behavior

Recognition in Wild Primates

The paper was accepted as a journal publication at Science Advances, 2020.
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Abstract

Large video datasets of wild animal behavior are crucial to produce lon-

gitudinal research and accelerate conservation efforts; however, large-scale

behavior analyses continue to be severely constrained by time and resources.

We present a deep convolutional neural network approach and fully auto-

mated pipeline to detect and track two audiovisually distinctive actions

in wild chimpanzees: buttress drumming and nut cracking. Using camera

trap and direct video recordings, we train action recognition models using

audio and visual signatures of both behaviors, attaining high average pre-

cision (buttress drumming: 0.87 and nut cracking: 0.85), and demonstrate

the potential for behavioral analysis using the automatically parsed video.

Our approach produces the first automated audiovisual action recognition

of wild primate behavior, setting a milestone for exploiting large datasets in

ethology and conservation.
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8.1 Introduction

The field of ethology seeks to understand animal behavior from both mechanis-

tic and functional perspectives and to identify the various genetic, developmental,

ecological, and social drivers of behavioral variation in the wild [Tinbergen 1963].

It is increasingly becoming a data-rich science: Technological advances in data

collection, including biologgers, camera traps, and audio recorders, now allow us

to capture animal behavior in an unprecedented level of detail [Jens Krause et al.

2013]. In particular, large data archives including both audio and visual informa-

tion have immense potential to measure individual- and population-level variation

as well as ontogenetic and cultural changes in behavior that may span large tempo-

ral and spatial scales. However, this potential often goes untapped: The training

and human effort required to process large volumes of video data continue to limit

the scale and depth at which behavior can be analyzed. Automating the mea-

surement of behavior can transform ethological research, open up large-scale video

archives for detailed interrogation, and be a powerful tool to monitor and protect

threatened species in the wild. With rapid advances in deep learning, the novel

field of computational ethology is quickly emerging at the intersection of computer

science, engineering, and biology, using computer vision algorithms to process large

volumes of data [D. J. Anderson and Perona 2014].

The aim of this paper is to automate animal behavior recognition in wild footage.

Deep learning-based behavior recognition has thus far been shown in constrained

laboratory settings [Sturman et al. 2020; van Dam et al. 2020] or using still im-

ages [Swarup et al. 2021] and has yet to be effectively demonstrated on uncon-

strained video footage recorded in the wild. Measuring animal behavior from

wild footage presents substantial challenges—often, behaviors are hard to detect,

obscured by motion blur, occlusion, vegetation, poor resolution, or lighting. If suc-

cessful, then the tools would enable exploration of a multitude of research questions

in ethology and conservation. Increasingly, research is revealing fine-scale variation

between individuals and populations of wild animals [Kaufhold and Van Leeuwen

2019]; however, capturing this variation is often laborious and not feasible on the

large scale through manual annotation. Auto-mated approaches allow us to exam-

ine in more detail the variation, through cross comparison of animal groups in a
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wide variety of contexts. Detailed time series data of individual behavior enables

integration of time depth perspectives into field research to more comprehensively

reconstruct how behavior develops across the life span (ontogenetically) as well as

examine how other processes such as social transmission, demography, and ecology

interact to drive behavior change over time [Cantor et al. 2021]. These detailed

behavioral data are also a crucial component of conservation research: They en-

able us to investigate how anthropogenic pressures such as climate change and

habitat fragmentation disrupt animal behavior [Dominoni et al. 2020] (migratory

patterns, foraging, reproduction, etc.) and to develop novel behavioral metrics

to monitor the risks to and viability of threatened populations [Christiansen et

al. 2013; Caravaggi et al. 2017]. Here, we demonstrate the potential of such an

approach by developing a system for the automated classification of two distinct

wild chimpanzee behaviors with idiosyncratic audiovisual features: nut cracking

and buttress drumming. We also analyze pilot data of sex and age differences

in percussive behaviors (nut cracking and drumming) from longitudinal archive

and camera trap datasets. Chimpanzees are an ideal species for testing behavioral

recognition; owing to their large fission-fusion societies, complex sociality, and be-

havioral flexibility, they exhibit exceptionally rich behavioral repertoires [McGrew

et al. 2001]. Our target behaviors, nut cracking and buttress drumming, differ

in their function—extractive tool use versus long-distance communication, respec-

tively—but both involve percussive actions that produce distinctive sounds, i.e.,

the pounding of a hammer stone against a nut balanced on an anvil stone and the

pounding of hands or feet against large buttress roots. Whereas nut cracking is

limited to some West African and Cameroon chimpanzees (Pan troglodytes verus

and Pan troglodytes ellioti), buttress drumming is a universal behavior across all

chimpanzee communities [McGrew et al. 2001].In relation to previous works using

deep learning, individual reidentification has been a critical first step toward full

automation [Bain et al. 2019; Schofield et al. 2019], but this alone cannot capture

the full complexity of behaviors that animals perform in the wild across space and

time. Existing methods have used deep learning for markerless pose estimation to

track the movement of animal body parts [Mathis et al. 2018], but pose estimation

models perform poorly at recognizing actions using posture and limb movements

alone [Shao et al. 2020]. Other approaches have used single-image analysis to iden-

tify basic activities of wild animals using tagged information from camera traps,
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but these fail to capture the dynamic sequences of behavior required for detailed

analysis [Norouzzadeh et al. 2018]. Recent advances in human action recognition

in the field of computer vision have used three-dimensional (3D) convolutional

neural net-works (CNNs) [Ji et al. 2012], which incorporate spatiotemporal infor-

mation across video frames [Carreira and Zisserman 2017], but thus far have only

been applied to animal species to produce broad behavioral classification limited

to the visual domain [Sakib and Burghardt 2021].Given that both behaviors have

strong audio and visual signatures, we recognize actions using both audio and

visual streams. Our automatic framework consists of two stages: (i) body detec-

tion and tracking of individuals through the video (localization in space and time)

and (ii) audiovisual action recognition (Fig. 8.1). Audio allows us to determine

temporal segments where the nut cracking and buttress drumming occur (“scene

level”) but does not pinpoint the individual responsible. By visually detecting and

tracking all chimpanzees that appear in the video, frame by frame, we are able to

determine the spatial position of each individual present.

The next stage of our framework uses both the scene level audio and the visual

content of each track to specify which individual is per-forming the behavior (“in-

dividual level”). Both stages in our pipe-line use a deep CNN model (see Materials

and Methods).The audio stream can also be used to provide a preview mechanism

to filter out behavioral sequences for human annotators to label [R. Gao et al. 2020],

substantially reducing the time required to collect annotations. This is achieved

using an audio-only action recognition model (which operates at the scene level)

and can identify “proposals” or short video sequences where the action is likely to

occur. A human annotator then only verifies whether the sequence contains the ac-

tion or not. This allows us to efficiently create a labeled action recognition dataset

that can be used to train the second stage of our automatic pipeline.Our method is

able to identify where fine-grained movements such as striking and drumming are

occurring in time and space automatically. It consists of a deep CNN model, which

predicts actions using audio only, visual only, and both audio and visual modalities

together. We demonstrate the use of our pipeline on two different data sources:

For nut cracking, we use part of a longitudinal video archive recorded by human-

operated camcorders at an “outdoor laboratory” in Bossou, Guinea [Schofield et

al. 2019; Matsuzawa 1994]; while for buttress drumming, data were collected be-
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Figure 8.1: Fully unified pipeline for wild chimpanzee behavior recog-
nition and analysis from raw video footage. The pipeline consists of the
following stages: (A) Frames and audio are extracted from raw video. (B) Body
detection is performed over the video frames using a deep CNN single-shot de-
tector (SSD) model, and the detections are tracked using a Siamese tracker. (C)
The body tracks are classified (e.g., is this individual cracking nuts?) using the
audio data and spatiotemporal visual information for the track by a deep CNN
audiovisual behavior model. The system only requires the raw video as input and
produces labeled body tracks and metadata as temporal and spatial information.
This automated system can be used to perform large-scale analysis (D) of behavior.

tween 2017 and 2019 by 25 motion triggered cameras in Cantanhez National Park,

Guinea-Bissau [Bessa et al. 2021]. Last, we also demonstrate possible next steps

in behavioral analysis enabled by the automatically parsed video. This approach

represents the first automated audiovisual action recognition of species in the wild.

Table 8.1: Recognition results for both nut cracking and buttress drum-
ming. We provide a baseline (random), which shows the chance performance of
a random classifier. Bold indicates the highest performing method for the task.

Task Method Average Precision

Nut cracking Buttress
Drumming

I. Scene level Random 0.09 0.11
Audio 0.85 0.87

II. Individual level

Random 0.12 0.13
Audio 0.30 0.81
Visual 0.76 0.64

Audiovisual 0.77 0.86
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8.2 Results

For nut cracking, we apply our pipeline to 40.2 hours of video containing 2,448

nut cracking sequences (see Materials and Methods for definition of a sequence),

resulting in a total of 24,700 individual body tracks (linked detections through

video frames of the same 11individual; Fig. 8.1C). The training set for our model

consists of data taken from three years (2004, 2008, and 2012), while we test

the performance of our model entirely on data from a different year (2013) to

demonstrate generalizability over time. Our audio-only nut cracking recognition

CNN model obtains high average precision (85%; Table 8.1) at the scene level.

Results at a scene level only detect time periods where nut cracking is being

performed in the video, but they do not isolate the nut cracker, given that multiple

individuals may be nut-cracking in the video at the same time (Fig. 8.2). We also

predict results at an individual level, identifying whether a particular individual is

nut-cracking or not. Our chimpanzee body detector achieved an average precision

of 92%, and our nut cracking recognition model performed well on different poses

and lighting conditions typical of videos recorded in the wild (Fig. 8.2), achieving

an overall average precision of 77% at an individual level (Table 8.1 and Fig. 8.3).

For buttress drumming, 10.8 hours of camera trap footage are analyzed, resulting in

a total of 1251 drumming sequences. We trained our model on data from two chim-

panzee communities (Cabante and Caiquene-Cadique) and evaluated our model on

manually labeled held-out test data from a third community (Lautchandé). Data

from an additional community (Cambeque) are included in the analysis. Our

drumming recognition CNN model achieved 87% average precision at a scene level

(using audio only) and 86% average precision at an individual level (Table 8.1

and Fig. 8.3). To demonstrate the potential applications of this framework, we

used the output of our automatic pipeline to further characterize nut cracking and

buttress drumming behaviors.

For nut cracking, we trained a visual classifier to identify eating events: This model

followed the protocols of the visual-only drumming and nut cracking classifiers

and sought to identify instances when food was passed from hand to mouth (an

indication of successful nut cracking). Given that an individual typically eats in

conjunction with nut cracking, our audio pre-screening narrowed down the search
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mechanism, which substantially cuts down the large search space of 
video for annotation.

Furthermore, we do not constrain the video data in any way, as 
is done commonly for deep learning methods applied to primate 
recognition and analysis by aligning individual detections or selecting 

for age, resolution, or lighting (26). Instead, we are able to perform 
the task “in the wild” and ensure an end-to-end pipeline that will work 
on raw video with minimum preprocessing (Fig. 2). We also demon-
strate that our method is applicable to both long-term targeted field 
video recordings (including in a field experimental setting) and to 

Fig. 2. Behavior recognition results demonstrate the CNN model’s robustness to variations in pose, lighting, scale, and speed of action. Example of correctly 
labeled body tracks from unseen and unheard videos (nut cracking and drumming for the top two and bottom two rows, respectively). Middle two rows: Multiple individuals 
nut-cracking and buttress-drumming showing variations in lighting, pose, background, and number of chimpanzees. Photo credit: Kyoto University, Primate Research 
Institute; The Cantanhez Chimpanzee Project.
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Figure 8.2: Behavior recognition results demonstrate the CNN model’s
robustness to variations in pose, lighting, scale, and speed of action.
Example of correctly labeled body tracks from unseen and unheard videos (nut
cracking and drumming for the top two and bottom two rows, respectively). Mid-
dle two rows: Multiple individuals nut-cracking and buttress-drumming showing
variations in lighting, pose, background, and number of chimpanzees.
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remote monitoring camera trap datasets, demonstrating its useful-
ness across different data collection protocols.

The pipeline can be applied to data where only audio or only 
visual information is available (e.g., camera trap recordings where 
the behavior occurs off-screen, video recordings with noisy or cor-
rupted audio, or microphone-only recordings). The benefits of our 
audio method are that it is not affected by visual distractors such as 
lighting, pose, size, and occlusion and is also computationally cheaper 
to run. Certain actions (such as buttress drumming) are also more 
discriminative in the audio space than the visual space (Table 1) and 
hence require less training data. Audio also allows greater coverage, 
by detecting actions beyond the field of view of the camera. Our 
visual-only method, on the other hand, provides the added benefit 
of allowing localization at an individual level, predicting which in-
dividuals are performing particular actions. This is a key advantage 
for potential future applications in, for example, the monitoring of 
individual behavior and welfare, both in the wild and in captive set-
tings. Our audiovisual model combines the benefits of both modalities. 
For drumming, we demonstrate that our model works well even on 
camera trap data from locations unseen by our model during train-
ing (which therefore might contain different tree species) and com-
munities of chimpanzees.

Our model’s performance demonstrates the effectiveness of us-
ing multimodal deep learning for behavioral recognition of individ-
ual animals in longitudinal video archives and camera trap datasets 
in the wild. Using a novel combination of data collection methods 
(automated classifiers and manual annotations) and video datasets 
(archival footage and camera traps), we validate our approach by 
reproducing known findings on the ontogeny of nut cracking from 
the existing literature (24) and go further to gain preliminary insights 
into drumming behavior in unhabituated communities as well as 
revealing potential sex and age differences in different contexts (pre-
viously neglected in published work). Ultimately, the integration of 

computer vision and ethology using automated behavior recogni-
tion can aid behavioral research and conservation, moving beyond 
inferences of social structure and demographics that can be inferred 
using individual identification [e.g., (14)] to capturing the full com-
plexity and dynamics of social interactions and behaviors. Typically, 
the time and resources required for manual data collection of mul-
tiple behaviors (either through in situ observation or retrospective 
video coding) prohibits analysis of large scale datasets. Adopting 
automated behavioral recognition is scalable, increasing the speed, 
quantity, and detail of data that can be collected and analyzed. Once 
classifiers have been trained, such work can move beyond broad 
classification of general behavioral states (eating, resting, etc.) to in-
clude fine-grained analysis at multiple layers/dimensions of behavior 
(27)—for example, using pose estimation to quantify postural kine-
matics or detect the number and order of elements in a behavioral 
sequence (e.g., nut cracking strikes) or investigating temporal co- 
occurrences between the behavior of individuals in the same group. 
We also envisage that our method could have a large impact in con-
servation science. Anthropogenic pressures are increasingly affecting 
animal behavior, with habitat fragmentation and population loss posing 
an imminent threat to “cultural species” through the erosion of be-
havioral diversity (28). Automating the measurement of behavioral 
diversity and activity budgets could be crucial for developing more 
sophisticated metrics to monitor the health and stability of wild 
populations (10).

There are some limitations to our study, notably that the audio 
preview step is limited to actions that contain a distinctive sound 
(such as percussion). Nonetheless, none of the pipeline steps are 
specific to primate behavior, and the method can be readily applied 
to other animal species and behaviors. Furthermore, behaviors that 
are audio distinctive exist in multiple domains, and we envisage 
possible applications for our pipeline in, for example, marine and 
terrestrial animal communication (vocalizations), movement (wing 

Fig. 3. Performance of the audio, visual, and audiovisual models for individual-level behavior classification. The curves for nut-cracking (left) and buttress-drumming 
(right) demonstrate that audiovisual outperforms single-modality methods. Instances where the behavior is either visually or audibly occluded can be compensated 
by using the other modality (AP: Average Precision).
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Figure 8.3: Performance of the audio, visual, and audiovisual models for
individual-level behavior classification. The curves for nut-cracking (left)
and buttress-drumming (right) demonstrate that audiovisual outperforms single-
modality methods. Instances where the behavior is either visually or audibly
occluded can be compensated by using the other modality (AP: Average Precision).

space, allowing us to efficiently label 896 body tracks of individuals consuming

nuts. This enabled us to analyze, as a function of age/sex class, the average time

spent nut cracking per eating event (a proxy for the number of nuts successfully

cracked and consumed) (Fig. 8.4). For buttress drumming, we automatically detect

the first and last beats of each drumming bout to precisely measure drumming

bout length as a function of age/sex class, allowing us to map the distribution

of drumming events throughout the day (Fig. 8.5; details of the automatic beat

detection method are found in the “Analysis” section in Materials and Methods).

For Bossou chimpanzees, nut cracking bouts were predominantly performed by

adult males (n = 4665 bouts) followed by adult females (n = 5485 bouts) and

juveniles (n = 2134 bouts), while infants (n = 1) were not observed nut-cracking.

The mean time spent nut- cracking and the proportion of time spent nut-cracking

differed between age/sex groups. Adult males spent a greater proportion of their

time nut-cracking than adult females (males, mean ± SD = 9.21 ± 9.49%; and

females, mean ± SD = 7.97 ± 9.19%), while juveniles required longer nut cracking

sequences per nut consumed than adult males and females (males, mean ± SD

=16.8 ± 6.46 s; females, mean ± SD =15.7 ± 10.41 s; and juveniles/infants, mean

± SD = 43.4 ± 39.0 s) (Fig. 8.5), confirming previous reports on the ontogeny of nut

cracking [Biro et al. 2003]. This suggests that adult males consumed the greatest

number of nuts.For buttress drumming, we analyzed 992 drumming bouts; the
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majority of bouts were performed by adult males (n = 845), con-firming previous

observations that this is a predominantly male activity [Arcadi et al. 1998], and

occurred throughout the day, following a bimodal distribution with peaks in the

morning and in the afternoon (Fig. 8.5B). When analyzing bout duration, adult

males had, on average, shorter bouts (mean ± SD = 2.21 ± 1.80 s) than immature

individuals (mean ± SD = 2.72 ± 2.39 s) and adult females (mean ± SD = 2.75

± 1.79 s). There is a marked variation within each age/sex group, especially in

adult males (min = 0.21 s and max = 19.48 s). In addition, drumming context

(travel, feeding, and agonistic display) was analyzed for both adult males and

adult females. In both groups drumming, during “travel” was the most common

(509 bouts for males and 34 bouts for females), followed by “agonistic display”

(225 bouts for males and 25 bouts for females), and lastly “feeding” (111 bouts for

males and nine bouts for females). The proportion of drumming events for different

contexts was approximately equal for both adult males and females. All drumming

performed by immature individuals was done in a “play” context. Drumming bout

duration varied between contexts in both adult males and adult females as well as

between sexes. Feeding drumming bouts were, on average, shorter (males, mean

± SD = 1.74 ± 1.13 s; and females, mean ± SD = 2.17 ± 1.09 s) than agonistic

display (males, mean ± SD = 2.31 ± 2.61 s; and females, mean ± SD = 2.78

± 1.78 s) and travel drumming bouts (males, mean ± SD = 2.27 ± 1.35 s; and

females, mean ± SD = 2.89 ± 1.97 s).
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flapping and stepping), self-maintenance (scratching), aggression 
(hitting, slapping, and screaming), and foraging (tearing, smashing, 
and chewing). These analyses could be performed on data not only 
from remote sensors but also from animal-borne audio-only biolog-
gers. Another limitation concerns the fact that, for individual-level 
recognition, our method is heavily reliant on the performance of 
the body detector: Individuals that are not detected or tracked can-
not have their behavior classified. For example, the detector often 
fails to detect infants on their mother’s backs, although for our pres-
ent analyses, this poses no problem, because young chimpanzees do 
not nut-crack or buttress-drum while being carried. For behaviors 
that specifically require a visual classifier (such as successful nut crack-
ing being identified through the hand-to-mouth motion of eating), 
visual occlusion or motion blur poses challenges. However, we note 
that the body detector has far fewer missed individual detections than 
other methods that are reliant on face detection (14, 22). Future 

directions to improve our pipeline include adopting active learning, 
which minimizes annotator effort by automatically selecting infor-
mative samples from a pool of unannotated data for a human to an-
notate to retrain the network (29). In addition, self-supervised learning 
enables label-free pretraining, initializing the model in such a way 
that reduces the annotation requirement for training (30).

Our pipeline provides a critical first step in large-volume auto-
mated behavioral coding and represents a breakthrough in measur-
ing behavior. It will permit detailed intraindividual, interindividual, 
and cross-site comparisons, automated collection of activity bud-
gets, and longitudinal studies of behavior at individual and popula-
tion levels, enabling detailed investigation into ontogeny, cultural 
evolution, and the persistence/decline of behavioral variation over 
time and how these relate to environmental change. It has transfor-
mative potential to science, setting a milestone for exploiting large 
datasets in ethology and conservation.

Fig. 4. Nut cracking analysis. (A) An example activity sequence following a single individual over the course of a video. The blank white spaces are any activities that are 
not nut cracking or eating. Note that eating typically follows nut cracking events. (B) Proportion of time spent nut cracking as a fraction of total time visible. (C) Average 
time spent nut cracking per eating event. Computed by dividing the cumulative time spent nut-cracking over the total number of eating events as a function of age and 
sex. Photo credit: Kyoto University, Primate Research Institute.
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.science.org on June 23, 2023Figure 8.4: Nut cracking analysis. (A) An example activity sequence following
a single individual over the course of a video. The blank white spaces are any
activities that are not nut cracking or eating. Note that eating typically follows
nut cracking events. (B) Proportion of time spent nut cracking as a fraction of total
time visible. (C) Average time spent nut cracking per eating event. Computed by
dividing the cumulative time spent nut-cracking over the total number of eating
events as a function of age and sex.
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MATERIALS AND METHODS
Video archive
Description of actions
Nut cracking has been described as the most complex tool-use be-
havior in wild chimpanzees, with the nut cracker typically combin-
ing three objects (31, 32). It involves placing a hard-shelled nut on 
an anvil and then using a hammer to pound the nut until the edible 
kernel is exposed—sometimes one or two wedges are used to stabilize 
the anvil. We defined nut cracking “sequences” as beginning when the 
hammer is raised before the initial strike of a nut and ending when 
the hammer makes contact with the nut or anvil for the final time 
before the nut is consumed or abandoned or the camera is moved 
away. Sequences often included multiple strikes for a single nut.

Buttress drumming is a universal and frequent behavior across 
all chimpanzee communities, but there is much left to understand 
about its functions and potential cross-community variation. Drum-
ming occurs when a chimpanzee slaps or stamps rhythmically on 
the buttress of a tree, often accompanied by a distinct vocalization 
called a pant hoot. Multiple functions of drumming have been proposed, 

including long-distance communication (25, 33) and intimidation 
accompanying agonistic displays (34). Distinctive individual drum-
ming patterns and pant hoot vocalizations are thought to act as signals 
that coordinate group movement and distribution when traveling, 
as well as containing information about the individual’s identity (35). 
These distinct drumming patterns have been described for both males 
and females (36), but male chimpanzees appear to drum more fre-
quently when traveling (35). We defined buttress drumming se-
quences as beginning when the first beat was detected and ending 
with the last beat; any behavior, such as pant hoots, occurring imme-
diately before the first beat or immediately after the last beat were 
not included. Beats were detected visually, when at least one hand 
or foot was in contact with the buttress, and auditorily, when the 
distinct beat sound was heard.
Structure of the data
Nut cracking at Bossou, Guinea. Data used were collected in the Bossou 
forest, southeastern Guinea, West Africa, a long-term chimpanzee 
field site established by Kyoto University in 1976 (14). Bossou is home 
to an outdoor laboratory: A natural forest clearing (7 m by 20 m) 

Fig. 5. Buttress drumming analysis. (A) Spectrogram showing a detected drumming bout delineated by the first and last beats, with video frames visualized. (B) Kernel 
density estimation plot showing the diel distribution of buttress drumming bouts, based on hh:mm:ss data captured by camera traps. (C) Duration (in seconds) of buttress 
drumming bouts by context (agonistic display, travel, and feeding) and by age/sex (adult females and adult males). Photo credit: The Cantanhez Chimpanzee Project.
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.science.org on June 23, 2023Figure 8.5: Buttress drumming analysis. (A) Spectrogram showing a detected
drumming bout delineated by the first and last beats, with video frames visual-
ized. (B) Kernel density estimation plot showing the diel distribution of buttress
drumming bouts, based on hh:mm:ss data captured by camera traps. (C) Dura-
tion (in seconds) of buttress drumming bouts by context (agonistic display, travel,
and feeding) and by age/sex (adult females and adult males).
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8.3 Discussion

Overall, our model demonstrates the efficacy of using deep neural network ar-

chitectures for a biological application: the automated recognition of percussive

behaviors in a wild primate. Unlike older, rule-based automation methods, our

method is entirely based on deep learning and is data-driven. It also improves

on previous single-frame methods by being video-based: It uses 3D convolutions

in time [Ji et al. 2012] to reason about temporal information, which is important

for action detections, and exploits the multimodality of video to use the audio

and visual streams jointly to classify behaviors.Often, it is challenging to curate

datasets large enough to train action recognition models without sifting through

a significant amount of footage (20 and 4.1% of footage yielded our behaviors of

interest for the nut cracking and buttress drumming data, respectively). A key

aspect of our approach is the use of audio as a prescreening mechanism, which sub-

stantially cuts down the large search space of video for annotation.Furthermore,

we do not constrain the video data in any way, as is done commonly for deep

learning methods applied to primate recognition and analysis by aligning individ-

ual detections or selecting for age, resolution, or lighting [Deb et al. 2018]. Instead,

we are able to perform the task “in the wild” and ensure an end-to-end pipeline

that will work on raw video with minimum preprocessing (Fig. 8.2). We also

demonstrate that our method is applicable to both long-term targeted field video

recordings (including in a field experimental setting) and to remote monitoring

camera trap datasets, demonstrating its usefulness across different data collection

protocols.The pipeline can be applied to data where only audio or only visual

information is available (e.g., camera trap recordings where the behavior occurs

off-screen, video recordings with noisy or corrupted audio, or microphone-only

recordings). The benefits of our audio method are that it is not affected by visual

distractors such as lighting, pose, size, and occlusion and is also computationally

cheaper to run. Certain actions (such as buttress drumming) are also more dis-

criminative in the audio space than the visual space (Table 8.1) and hence require

less training data. Audio also allows greater coverage, by detecting actions beyond

the field of view of the camera. Our visual-only method, on the other hand, pro-

vides the added benefit of allowing localization at an individual level, predicting

which individuals are performing particular actions. This is a key advantage for
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potential future applications in, for example, the monitoring of individual behav-

ior and welfare, both in the wild and in captive set-tings. Our audiovisual model

combines the benefits of both modalities. For drumming, we demonstrate that our

model works well even on camera trap data from locations unseen by our model

during training (which therefore might contain different tree species) and commu-

nities of chimpanzees. Our model’s performance demonstrates the effectiveness of

using multimodal deep learning for behavioral recognition of individual animals in

longitudinal video archives and camera trap datasets in the wild. Using a novel

combination of data collection methods (automated classifiers and manual anno-

tations) and video datasets (archival footage and camera traps), we validate our

approach by reproducing known findings on the ontogeny of nut cracking from the

existing literature [Biro et al. 2003] and go further to gain preliminary insights into

drumming behavior in unhabituated communities as well as revealing potential sex

and age differences in different contexts (previously neglected in published work).

Ultimately, the integration of computer vision and ethology using automated be-

havior recognition can aid behavioral research and conservation, moving beyond

inferences of social structure and demographics that can be inferred using indi-

vidual identification [e.g. [Schofield et al. 2019]] to capturing the full complexity

and dynamics of social interactions and behaviors. Typically, the time and re-

sources required for manual data collection of multiple behaviors (either through

in situ observation or retrospective video coding) prohibits analysis of large scale

datasets. Adopting automated behavioral recognition is scalable, increasing the

speed, quantity, and detail of data that can be collected and analyzed. Once

classifiers have been trained, such work can move beyond broad classification of

general behavioral states (eating, resting, etc.) to include fine-grained analysis

at multiple layers/dimensions of behavior [K. Huang et al. 2021] —for example,

using pose estimation to quantify postural kinematics or detect the number and

order of elements in a behavioral sequence (e.g., nut cracking strikes) or investi-

gating temporal co-occurrences between the behavior of individuals in the same

group. We also envisage that our method could have a large impact in conserva-

tion science. Anthropogenic pressures are increasingly affecting animal behavior,

with habitat fragmentation and population loss posing an imminent threat to

“cultural species” through the erosion of behavioral diversity [Kühl et al. 2019].

Automating the measurement of behavioral diversity and activity budgets could
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be crucial for developing more sophisticated metrics to monitor the health and sta-

bility of wild populations [Christiansen et al. 2013].There are some limitations to

our study, notably that the audio preview step is limited to actions that contain a

distinctive sound (such as percussion). Nonetheless, none of the pipeline steps are

specific to primate behavior, and the method can be readily applied to other ani-

mal species and behaviors. Furthermore, behaviors that are audio distinctive exist

in multiple domains, and we envisage possible applications for our pipeline in, for

example, marine and terrestrial animal communication (vocalizations), movement

(wing flapping and stepping), self-maintenance (scratching), aggression (hitting,

slapping, and screaming), and foraging (tearing, smashing, and chewing). These

analyses could be performed on data not only from remote sensors but also from

animal-borne audio-only biologgers. Another limitation concerns the fact that, for

individual-level recognition, our method is heavily reliant on the performance of

the body detector: Individuals that are not detected or tracked can-not have their

behavior classified. For example, the detector often fails to detect infants on their

mother’s backs, although for our present analyses, this poses no problem, because

young chimpanzees do not nut-crack or buttress-drum while being carried. For be-

haviors that specifically require a visual classifier (such as successful nut cracking

being identified through the hand-to-mouth motion of eating), visual occlusion or

motion blur poses challenges. However, we note that the body detector has far

fewer missed individual detections than other methods that are reliant on face

detection [Schofield et al. 2019; Matsuzawa 1994]. Future directions to improve

our pipeline include adopting active learning, which minimizes annotator effort by

automatically selecting informative samples from a pool of unannotated data for

a human to an-notate to retrain the network [Norouzzadeh et al. 2021]. In addi-

tion, self-supervised learning enables label-free pretraining, initializing the model

in such a way that reduces the annotation requirement for training [T. Han et al.

2019]. Our pipeline provides a critical first step in large-volume auto-mated behav-

ioral coding and represents a breakthrough in measuring behavior. It will permit

detailed intraindividual, interindividual, and cross-site comparisons, automated

collection of activity budgets, and longitudinal studies of behavior at individual

and population levels, enabling detailed investigation into ontogeny, cultural evo-

lution, and the persistence/decline of behavioral variation over time and how these

relate to environmental change. It has transformative potential to science, setting
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a milestone for exploiting large datasets in ethology and conservation.

8.4 Materials and Methods

8.4.1 Video Archive

Description of Actions

Nut cracking has been described as the most complex tool-use behavior in wild

chimpanzees, with the nut cracker typically combining three objects [Matsuzawa

et al. 2011; Carvalho et al. 2008]. It involves placing a hard-shelled nut on an

anvil and then using a hammer to pound the nut until the edible kernel is ex-

posed—sometimes one or two wedges are used to stabilize the anvil. We defined

nut cracking “sequences” as beginning when the hammer is raised before the initial

strike of a nut and ending when the hammer makes contact with the nut or anvil

for the final time before the nut is consumed or abandoned or the camera is moved

away. Sequences often included multiple strikes for a single nut.Buttress drum-

ming is a universal and frequent behavior across all chimpanzee communities, but

there is much left to understand about its functions and potential cross-community

variation. Drumming occurs when a chimpanzee slaps or stamps rhythmically on

the buttress of a tree, often accompanied by a distinct vocalization called a pant

hoot. Multiple functions of drumming have been proposed, including long-distance

communication [Arcadi et al. 1998; Boesch 1991]and intimidation accompanying

agonistic displays [Nishida 2011]. Distinctive individual drumming patterns and

pant hoot vocalizations are thought to act as signals that coordinate group move-

ment and distribution when traveling, as well as containing information about the

individual’s identity [Babiszewska et al. 2015]. These distinct drumming patterns

have been described for both males and females [V. Reynolds 2005], but male

chimpanzees appear to drum more frequently when traveling [Babiszewska et al.

2015]. We defined buttress drumming sequences as beginning when the first beat

was detected and ending with the last beat; any behavior, such as pant hoots,

occurring immediately before the first beat or immediately after the last beat were

not included. Beats were detected visually, when at least one hand or foot was in
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contact with the buttress, and auditorily, when the distinct beat sound was heard.

Structure of the data

Nut cracking at Bossou, Guinea. Data used were collected in the Bossou forest,

southeastern Guinea, West Africa, a long-term chimpanzee field site established

by Kyoto University in 1976 [Schofield et al. 2019]. Bossou is home to an outdoor

laboratory: A natural forest clearing (7 m by 20 m) located in the core of the

Bossou chimpanzees’ home range (07°39’N and 008°30’W) where raw materials for

tool use—stones and nuts—are provisioned, and the same group has been recorded

since 1988 [Schofield et al. 2019; Matsuzawa 1994]. The use of standardized video

recording over many field seasons has led to the accumulation of more than 30 years

of video data, providing unique opportunities to analyze chimpanzee behavior over

multiple generations. In total, we analyzed 43.1 hours of video footage.

Buttress drumming in Cantanhez National Park, Guinea-Bissau. Data used were

collected by camera traps (n = 25) deployed in the home ranges of four different

communities (Caiquene-Cadique, Lautchandé, Cambeque, and Cabante) in Can-

tanhez National Park, Southern Guinea-Bissau, West Africa (11°14’17.2”N and

15°02’16.9”W) be-tween February 2017 and December 2018. Chimpanzees in Can-

tanhez National Park inhabit an agroforest landscape and are not habituated to

researchers. The camera traps were set up in areas that chimpanzees’ frequented

and pointed to trees with large buttress roots with clear signs of wear from chim-

panzee buttress drumming. Some cameras were moved during the study period

to account for seasonal changes in chimpanzee ranging patterns and when a new

area of interest was located. Cameras were motion sensitive and were set to record

1-min video clips when triggered. Approximately 41,000 video clips were collected

over the study period, of which 4745 contained footage of chimpanzees, spanning

a total of 47.2 hours of video footage.

Dataset splits: Training, testing, and analysis. We divide the data-set into different

sections. Part of the data is manually annotated by human annotators, which

provides data for training and testing our automated framework (described in

the “Methods” section). The remaining data are unlabeled by humans. Our

framework is applied to these unlabeled data automatically (this stage is referred
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to as inference) for analysis (described in the “Analysis” section). Dataset statistics

are provided in the original journal publication.

8.4.2 Methods

Our pipeline for the detection of audio-discriminative percussive behaviors con-

sists of the following two stages: (i) chimpanzee detection and tracking and (ii)

audiovisual action recognition (Fig. 8.2). To efficiently collect annotations for the

second stage (ii) audio-visual action recognition, we also use an additional “audio

preview stage” (described below in the “Audio action recognition” section) only

when collecting training data. This optional audio preview stage uses audio only

to determine temporal segments where the behaviors (nut cracking and drum-

ming) occur at a scene level. This markedly reduces the total search space of the

video, allowing for efficient annotations, used to train a model on both scene-level

audio and the visual content of each track to determine which individual is car-

rying out the behavior.With this trained model, our pipeline can then be applied

directly to previously unseen videos without any human input. At this point, we

do not require the audio preview stage and only use (i) detection and tracking

and (ii) audiovisual action recognition.All stages in the method are implemented

using deep CNNs. For audio previewing, we train a CNN on the spectrogram

image of the audio. For detection, we use a single-shot detector (SSD) object

category detector [W. Liu et al. 2016] to detect individuals. The detections for

an individual are then grouped across frames (time) using a pretrained tracker.

The final audiovisual action recognition stage involves a spatiotemporal CNN for

the visual features and a spectrogram CNN for the audio. The training data were

obtained by using the VGG Image Annotator (VIA) annotation tool [Dutta and

Zisserman 2019]. We provide a detailed description for each stage of the pipeline

in the following sections and then describe how the analysis is carried out given

the detected behaviors.

Audio Action Recognition

With the audio data alone, our framework is able to classify actions at the scene

level. The nut cracking and buttress drumming audio classifier achieved 85 and
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87% average precision, respectively, on unseen test data (Table 8.1).Network ar-

chitecture. For the audio model, we use a 2D CNN (ResNet-18), pretrained on

VGGSound [Honglie Chen et al. 2020]. The output is passed through two linear

layers and then a final predictive layer with two neurons and a softmax activa-

tion function, resulting in a binary classifier for each target action.Inputs. We

use short-term magnitude spectrograms as input to a ResNet-18 model. All audio

is first converted to single-channel, 16-bit streams at a 16-kHz sampling rate for

consistency. Spectrograms are then generated in a sliding window fashion using a

hamming window with a width of 32 ms and a hop of 10 ms, with a 512-point fast

Fourier transform. This gives spectrograms a size of 257 × 201 for 3 s of audio.

The resulting spectrogram is integrated into 64 mel-spaced frequency bins with

a minimum frequency of 125 Hz and a maximum frequency of 7.5 kHz, and the

magnitude of each bin is log-transformed. This gives log mel spectrogram patches

of 64 × 201 bins, used as input to the CNN.Augmentations. Temporal jittering

of 0.5 s is used as well as augmentation to positive samples by randomly adding

background audio samples (audio that does not contain nut cracking and buttress

drumming).Training. Binary cross-entropy is used as the training objective, along

with an Adam optimizer with a learning rate of 5 × 10−3.Audio preview for man-

ual annotation. Videos in the wild (including from camera traps) contain a lot

of dead footage, where the actions of interest may be captured rarely. Manually

searching through all this footage is a labor-intensive task. Hence, we use an in-

expensive and computationally efficient prescreening method to automatically sift

through many hours of footage, proposing short videos that contain the action

and discarding the rest. This is done using the audio alone, because our actions

of interest are all percussive and make a distinct sound.The audio model is ap-

plied using a sliding window of size 3 s, with a stride of 0.5 s over the raw video

footage. This produces a probability score P(action) of the action of interest be-

ing present within each temporal window. We then use the most confident 7% of

windows (using the probability score as the confidence) for discrete video labeling,

resulting in 2418 discrete, 3-second long video proposals to be annotated. The

more expensive body detection and tracking is performed only on these “audio

proposals.” The body tracks are visualized on the proposals, allowing the annota-

tors to label each actor in the proposal with a binary label denoting whether or

not they are performing the action. Given that the drumming video footage is
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already segmented into short clips and annotated, the audio preview step was not

required for the buttress drumming data at training time, so it was only used for

nut cracking here.At inference time, the audio preview can be used as a filtering

step first before the full framework, providing computation savings. Because audio

is much cheaper computationally than the full framework (detection, tracking, and

audiovisual classification), this can be useful in resource-constrained environments

such as running the framework on the camera traps themselves. Because this work

was not constrained in terms of compute, we did not use the audio preview step at

inference. For buttress drumming, the trade-off is minimal; a computation saving

of 64% still captures 97% of drumming events. For nut cracking, the trade-off is

greater; a computation saving of 64% captures 70% of nut cracking events. As

there are many off-screen nut cracking events, the sound of nut cracking is not

definitively on-screen.

8.4.3 Visual detection and tracking

A prerequisite for our method of automated detection of primate behavior is the

detection and tracking of the target animal, producing spatio-temporal tracks fol-

lowing individuals through time. Deep learning has proved to be highly successful

at object detection and tracking, and previous works describe the protocol and

results of this applied to footage of wild animals [Bain et al. 2019; Schofield et al.

2019; Jiwen Yu et al. 2019; P. Chen et al. 2020]. In more detail, we follow the

same protocol as in [Bain et al. 2019], which involves fine-tuning an SSD object

detector [W. Liu et al. 2016] on bounding box annotations of chimpanzee bodies.

Because the two datasets contain very different sources of footage, including cam-

era traps for drumming and direct longitudinal recordings for nut cracking (the

former containing night vision, varied lighting, and out of focus blur; with the latter

having higher quality video but consisting of close-ups as well as medium shots),

we separately fine-tune the two object detectors, one for each dataset. For the nut

cracking dataset, we fine-tune on 16,000 bounding box annotations across 5513

video frames. For the buttress drumming dataset, we fine-tune on 2200 bounding

box annotations across 2137 video frames. All video frames were sampled every

10 s.
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Tracking. The object tracker used to link the resulting detections through time

is a pretrained Siamese network. Pairs of detections in consecutive frames with a

Jaccard overlap greater than 0.5 are given as input to the network. Detection pairs

with a similarity score greater than 0.5 are deemed to be from the same track.

Evaluation for the detectors. Evaluation is performed on a held-out test set using

the standard protocol outlined in [Everingham et al. 2010]. The precision-recall

curve is computed from a method’s ranked output. Recall is defined as the propor-

tion of all positive examples above a given rank, while precision is the proportion

of all examples above that rank, which are from the positive class. For the purpose

of our task, high recall is more important than high precision (i.e., false positives

are less dangerous than false negatives) to ensure that no chimpanzees are missed.

The Bossou and Cantanhez detectors achieved average precision scores of 0.92 and

0.91 on their respective test sets.

Programming implementation details. The detector was implemented using the

machine learning library PyTorch and trained on two Titan X Graphical Processing

Units (GPUs) for 20 epochs (where 1 epoch consists of an entire pass through the

training set) using a batch size of 32 and two sub-batches. Flip, zoom, path, and

distort augmentation was used during preprocessing with a zoom factor of 4. The

ratio of negatives to positives while training was 3, and the overlap threshold was

0.5. The detector was trained without batch normalization. The tracker was also

implemented in PyTorch.

8.4.4 Audio-visual action recognition

Network architecture. For the visual stream, we use a 3D ResNet-18, with 3D

convolutions (30). The output is passed through two linear layers and then a final

predictive layer, with two neurons and a soft-max activation function. For the

audiovisual fusion model, 512 dimensional embeddings from the ResNet backbone

in each stream are concatenated and then passed to the final predictive layer, with

two neurons and a softmax activation function.

Inputs. For the audio stream, the preprocessing is identical to the “Audio action

recognition” stage. Video frames are sampled at 25 frames per second, and all

detections are resized to 128 × 128—we feed in 40 frames over 2.5 s, with three
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red-green-blue channels each, sampled randomly during training and uniformly

during inference. This gives final inputs of size 40 × 128 × 128 × 3.

Augmentations. Standard augmentation techniques are applied to the visual in-

puts: color jittering, random cropping, and horizontal flipping. For the audio, we

repeat the augmentations in the “Audio action recognition” section.

Training. All models are trained with a binary cross-entropy loss. In this stage,

we use the annotations obtained from the “Audio action recognition” stage of the

pipeline to train the model.

Evaluation. Evaluation for the action recognition models is per-formed on a held-

out test set, the statistics of which are supplied in Table 1. The audiovisual fusion

model performed the best at the individual level for both nut cracking and buttress

drumming (77 and 86%, respectively), demonstrating its robustness across domains

and actions and demonstrating its efficacy over audio or vision alone.

The models are evaluated on their precision recall at either the scene level or

individual level. For the scene level, we evaluate the audio-only model with a

stride of 0.5 s and a forgiveness collar of 0.5 s. For the individual level, we evaluate

the audio, visual, and audiovisual models with a stride of 0.5 s per track and a

forgiveness collar of 0.5 s.

Implementation details. The networks for action recognition were trained on four

Titan X GPUs for 20 epochs using a batch size of 16. We trained both models end

to end via stochastic gradient descent with momentum (0.9) weight decay (5 ×

10−4) and a logarithmically decaying learning rate (initialized to 10−2 and decaying

to 10−8). The visual stream is initialized with weights from [T. Han et al. 2019],

and the audio model is initialized with weights pretrained on VGG-Sound [Honglie

Chen et al. 2020].

Action-specific implementation details

Nut cracking analysis: Success detection. To further analyze nut cracking behav-

iors, we additionally measure another action: passing food from hand to mouth,

which is an indication of successful nut cracking. Here, the shell has been suc-

cessfully cracked and the individual passes the kernel to their mouth using their
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hand; hence-forth, this action is referred to as “eating.” Because this behavior

has a strong visual signature, we train a visual classifier to determine this. This

model follows the protocol of the visual-only drumming and nut cracking classi-

fiers. The training labels for eating events were gathered from the audio preview

proposals, totaling 896 track-lets of individuals eating. While the audio preview

searches for nut cracking, eating is often found shortly after successful nut cracking

events, so the short audio proposals often contain this action as well. Furthermore,

individuals often nut-crack together, resulting in multiple individuals in a video

proposal. Training the model on data from 2004 and 2008 results in 89% accuracy

in classifying eating on unseen tracks from 2012.

Buttress drumming duration analysis. We investigate the duration of drumming

bouts by determining the start and the end beat in a drumming bout using audio-

based beat detection. Beat detection is performed in an automated fashion by

using low-pass filtering and onset detection to the audio signal of the drumming

bout. The audio sequence is first low pass–filtered using a Butterworth filter with a

cutoff frequency of 800 Hz. Onset detection is then per-formed on the filtered audio

waveform. We use the onset detection method provided by the Librosa Python

toolbox. The hyperparameters were chosen to achieve the best beat counting

accuracy on 30 drumming bouts hand-labeled with the number of beats. During

evaluation, we apply a forgiveness collar of 0.25 s on either side of the drumming

event boundaries to be more lenient toward imprecise boundary annotation. From

the beat detections, we define the duration of a drumming bouts to be the interval

between the first and last beats. This beat detection method predicts drumming

duration with a mean and median error of 0.205 and 0.131 s, respectively.
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Chapter 9

Discussion

This chapter begins with a summary of the principal accomplishments and an

emphasis on the significance of the research delineated in this thesis (Section 9.1).

Following this, potential directions for future exploration and study are proposed

(Section 9.2).

9.1 Achievements and Impact

Joint Video-Text Representations for Retrieval. In Chapter 2, text-to-

video retrieval is explored using the proposed Condensed Movies Dataset (CMD).

The study finds character recognition and longer context derived from the full

movie improves retrieval performance of captioned clips. The dataset, which is

publicly available, is the largest movie dataset in terms of number of hours and

movies. It has also been released as a challenge at an ICCV 2021 vision and lan-

guage workshop1 to evaluate long-form text-to-video retrieval. As of July 2023,

the workshop challenge has recieved submissinos from ten teams, and multiple

papers on long-form video-text understanding have cited its result in the leader-

board [Croitoru et al. 2021; Yuchong Sun et al. 2022]. CMD has stimulated a num-

ber of derivate works, including re-purposing the dataset for classification tasks

such as scene recognition [Bose et al. 2023], genre classification [C.-Y. Wu and Kra-

henbuhl 2021b] as well as additional classification of metadata labels [C.-Y. Wu

and Krahenbuhl 2021b]. A benchmark suite of these long-form video classification
1https://www.robots.ox.ac.uk/ vgg/data/condensed-movies/challenge.html
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tasks has been established by [C.-Y. Wu and Krahenbuhl 2021b].

In Chapter 3, a dual-stream visual-text encoder is proposed that can be jointly

trained on both captioned images and videos. The paper posits that an image,

essentially a single-frame video ‘frozen in time’, can be utilised for video learn-

ing via a curriculum based on the number of frames. It demonstrates that more

than 85% of pretraining iterations can be performed on single frame videos while

achieving performance comparable to standard training on multiple frames for all

iterations. The model resulting from this approach attained state-of-the-art perfor-

mance across a range of benchmarks: MSR-VTT, MSVD, DiDeMo and LSMDC.

Further the proposed WebVid dataset of 2.5 million captioned videos, and its

extension WebVid10M, represents the largest publicly available cleanly-captioned

video dataset of their kind is the largest public video captioned dataset of its kind.

The WebVid dataset has become the standard dataset for text-to-video generation

training, including Meta’s Make-A-Video [Singer et al. 2022] and others [Hong et

al. 2022; Fu et al. 2023; Z. Luo et al. 2023]. Text-to-video generation, a long-

standing key goal of computer vision, is closely linked with video understanding

due to the requirement of temporal structure, partircularly for long-form content.

The paper and its accompanying dataset have garnered more than 330 citations

since their publication, as of June 2023.

In Chapter 4, a technical report is introduced that presents a simple but effec-

tive baseline for achieving state-of-the-art in text-to-video retrieval. This work

reveals value in using the text query to guide the frame aggregation to compute

a text-video similarity score – a strategy that has subsequently inspired numer-

ous studies [Kahatapitiya et al. 2023; L. D. Tran et al. 2023; Jin et al. 2023].

Given that this temporal aggregation approach is parameter-less, these findings

highlight the lack of necessary temporal modelling in the long video-text retrieval

benchmarks, thereby indicating an insufficient capture of “video understanding”.

Consequently, this report has motivated further investigation within this thesis

into video captioning as a superior evaluation task.

Automated Movie Audio Description. To expedite the development of learn-

ing from audio descriptions (AD), Chapter 5 introduces WhisperX. This method

aims to (i) speed-up auto-regressive speech recognition models, in this case Whis-
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per, via batched inference; and (ii) provide accurate word-level timestamps. As

a result, speech transcription experiences a 12-fold speedup. The open-source

GitHub repository2, which has accumulated a total of 3,700 stars as of July 2023,

is employed across a broad range of industrial applications and research areas in-

cluding speech-based health sensing methods [Favaro et al. 2023; Gómez-Zaragozá

et al. 2023].

In Chapter 6, AD data from over 8,000 movies is collected using the WhisperX

pipeline in conjunction with speaker diarization. The pipeline also facilitates sub-

stantial enhancements to the annotations of the existing MAD dataset [Soldan

et al. 2022]. The observations underscore the value of extensive contextual infor-

mation for the AD captioning task and the advantages of partial pretraining on

text-only corpora. Building on these, Chapter 7 addresses some of the limitations

of the preliminary AD work, including character naming and time point prediction.

These pioneering studies mark the first steps toward the automatic generation of

movie audio descriptions – a process that is extremely costly to annotate manually

and is currently available for only a fraction of online video data.

Audiovisual Action Recognition in Wild Primates. Chapter 8 addresses

the training of an audiovisual action classifier designed to predict behavioural

activities in wild primates. This challenging application of video understanding

is demonstrated to benefit from both RGB and audio modalities. The resultant

predictions offer valuable behavioural analysis insights, which can be instrumental

in wildlife monitoring research.

9.2 Future Works

Lastly, the thesis concludes by outlining promising future research directions.

Audiovisual transcription, diarization, and identification. For comprehen-

sive understanding of human-centric video, a system must be capable of identifying

each human and understanding their communication (speech). This goes beyond

simple audio-based transcription and voice clustering. Voice and face identity

banks could be utilized for low-shot identification of individuals across video and
2https://github.com/m-bain/whisperX
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audio streams. Such a system could be generalized to any type of fine-grained

object identification that benefits video understanding. This forms a critical foun-

dation for reasoning about human-centric video data, such as movies.

Modelling everything as language. Inspired by the recent success of LLM-

based reasoning systems, such as ViperGPT [Gupta and Kembhavi 2023] and

VisProg [Surıs et al. 2023] for visual question-answering, a promising direction

for video understanding and automated audio descriptions lies in representing

each constituent modality with language. This approach might involve the dense

description of each frame using (i) image captioning models; (ii) labels from ac-

tion classification models; and (iii) face recognition models. Likewise, the audio

can be densely described with speech recognition outputs, and labels from audio

captioning or classification models. An LLM can then process these dense lin-

guistic descriptors for cross-modal and long-form reasoning. Furthermore, video

metadata, such as a plot synopsis, can be seamlessly integrated as supplementary

information. This approach capitalizes on the proven success and reasoning capa-

bilities of LLMs, employing vision and audio modalities as perceptual descriptors

for language.

9.3 Conclusion

In this thesis, innovative methods are developed to harness language as a super-

visory signal for enhancing video understanding. The bottom-up learning of a

video’s constituent modalities is proven to be an effective and cost-effective strat-

egy for tackling longer-form and multimodal video tasks – particularly in scenarios

where supervised data is scarce, and compute is costly. Further investigations re-

veal that video learning from complementary language sources, such as narrations

in movies, serve as a valuable resource. As a consequence, automated video sys-

tems can be readily applied to high-impact applications such as audio descriptions,

and animal wildlife analysis. Beyond these immediate applications, the advance-

ments in language-based video systems propel us closer to achieving human-level

intelligence.
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