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Abstract
This thesis explores the field of audio-visual learning in the context of video un-

derstanding, focusing on two main aspects: developing novel methods for effec-

tively integrating audio and visual modalities, and curating high-quality audio-

visual datasets automatically. By leveraging the complementary nature of these

modalities and addressing the challenge of dataset creation, we enhance machine

perception and comprehension of video content. We overcome the limitations of

single-modality processing and improve performance in various practical applica-

tions. Our work also contributes to the efficient generation of large-scale, diverse

datasets crucial for progress in this field.

Our research addresses three key areas: action recognition, character-aware subti-

tle generation for TV shows, and efficient audio-visual dataset curation. In action

recognition, we develop models that effectively integrate audio-visual cues to im-

prove accuracy, particularly by utilising temporal context from the video. For

subtitle generation, we propose a multimodal approach that not only transcribes

speech accurately but also attributes dialogue to correct speakers and aligns sub-

titles precisely with audio content. In dataset curation, we tackle the challenge of

creating large-scale, diverse, and accurately labeled audio-visual datasets, devel-

oping efficient methods to accelerate progress in the field.

Throughout this work, we introduce novel architectures and algorithms that effec-

tively combine audio and visual information, as well as propose new datasets and

automatic creation pipelines to reduce the cost of data collection and human anno-

tation. Our approach is inspired by psychological research on human multisensory

integration and aims to mimic human-like processing of audio-visual information.

Keywords – Video understanding, audio-visual learning, multimodal learning
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CHAPTER 1. INTRODUCTION AND BACKGROUND

Chapter 1

Introduction and Background

Humans naturally process information from multiple senses simultaneously. For

instance, when crossing a street, pedestrians visually scan for oncoming traffic

while listening for vehicle sounds. Similarly, during face-to-face conversations, we

integrate visual cues from lip movements and hand gestures with auditory infor-

mation from speech to fully comprehend the message. Audio-visual learning aims

to give machines similar capabilities, allowing them to merge data from different

sources.

This thesis aims to explore and advance the field of audio-visual learning, par-

ticularly in the context of video understanding. The objective is to develop novel

methods for effectively integrating audio and visual modalities to enhance machine

perception and comprehension of video content. We aim to improve performance

over single-modality processing in various practical applications, such as human

behavior analysis or understanding the dialogue in TV shows.

Despite the potential of audio-visual learning, integrating audio and visual data

presents several challenges. First, current audio-visual video understanding works

fail to fully utilise the temporal context of the video, limiting their ability to cap-

ture long-term dependencies and relationships between modalities and events over

time. Humans tend to relate the present to the past and the future to understand

video content by watching and listening. However, there is a lack of efficient ap-

proaches that effectively leverage multiple modalities in conjunction with temporal

context. In addition, existing approaches often focus on solving isolated subtasks

rather than aiming for a holistic understanding of video content, particularly in
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complex scenarios like human conversations. This fragmented approach hinders

the development of comprehensive audio-visual understanding systems. Lastly,

there is a critical shortage of both efficient dataset curation pipelines and the

datasets themselves in the audio-visual domain. The lack of cost-effective meth-

ods for collecting and annotating multimodal data, coupled with the scarcity of

large-scale, high-quality audio-visual datasets, impedes the development of more

advanced audio-visual learning models.

To address these challenges, this thesis proposes novel approaches for audio-visual

integration in video analysis. We focus on three key areas: (i) action recognition

leveraging temporal context of video, (ii) character-aware subtitle generation for

TV shows, and (iii) efficient audio-visual dataset curation pipelines. Our research

introduces novel architectures and algorithms that effectively combine audio and

visual information, as well as datasets and their automatic creation pipeline to

reduce the cost of data collection and human annotation. Through these contri-

butions, we aim to advance the field of audio-visual learning, enhancing machine

understanding of complex, real-world scenarios.

1.1 Motivation and Background

Motivation from psychology The motivation for audio-visual learning in arti-

ficial intelligence is rooted in our understanding of human cognition and perception.

Psychological research has established that humans process information through

multiple sensory channels simultaneously, a phenomenon known as multisensory

integration [Spence 2007; Stein and Stanford 2008; Mudrik et al. 2014]. This

complex process, where information from different senses interacts and influences

overall perception, is exemplified by the McGurk effect [McGurk and MacDonald

1976]. It demonstrates how visual information from lip movements can alter the

perception of speech sounds, highlighting the interplay between auditory and vi-

sual processing in the brain. Multimodal perception are not only present in adults

but are also crucial during infant development. Infants as young as five months

old also exhibit the McGurk effect [Rosenblum et al. 1997] and they recognise the

correspondence between auditorially and visually presented speech sounds [Kuhl

and Meltzoff 1982]. Furthermore, [Teinonen et al. 2008] demonstrates that infants
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learn phonetic contrasts more effectively in auditory-visual conditions compared to

auditory-only conditions. This suggests that the ability to integrate information

from multiple senses is an innate and fundamental aspect of human cognitive devel-

opment, highlighting the potential benefits of incorporating multimodal learning

in artificial intelligence systems from the ground up.

The effectiveness of multimodal processing is further evidenced by its widespread

application in educational settings. Audio-visual aids [Madhuri 2013], teaching

tools or materials that combine both auditory and visual elements to enhance the

learning experience, have long been recognised as powerful tools in the education

system. They are proven to be effective in learning language [Mathew and Alid-

mat 2013; Wazeema and Kareema 2017] or science [Ho and Intai 2017; Ojelade

et al. 2020] By engaging multiple senses simultaneously, these aids can improve

comprehension, retention, and recall of information.

This thesis is inspired by these psychological and educational background. We

study how to train deep learning models to leverage the visual and aural modalities

as complementary to each other for tackling video understanding tasks.

Audio-visual deep learning Audio-visual deep learning has emerged as a pow-

erful approach for understanding complex human behaviours and interactions. In

the domain of human action analysis, combining audio and visual information has

led to significant advancements. Action recognition, which involves identifying and

classifying human activities in videos, has benefited by integrating audio cues such

as object interactions and environmental sounds with visual data [Korbar et al.

2018; Kazakos et al. 2019; Gao et al. 2020; Nagrani et al. 2021; Nagrani et al.

2020c; Yunhua Zhang et al. 2022]. Similarly, action detection [Tian et al. 2018;

Bagchi et al. 2021; Ramazanova et al. 2023] and anticipation [Zhong et al. 2023]

tasks have seen improvements, allowing systems to not only locate actions in time

and space but also predict future actions based on audio-visual context.

The analysis of human dialogue has also been revolutionised by audio-visual deep

learning techniques. Speech recognition accuracy [Afouras et al. 2019a; Shi et al.

2022b; Gabeur et al. 2022; P. Ma et al. 2023] has improved significantly when

visual cues such as lip movements are considered alongside audio input, especially

in noisy environments. Moreover, speaker diarisation, the process of partitioning
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an audio stream into homogeneous segments according to speaker identity, has

been enhanced by incorporating visual information such as speakers’ faces or lip

movements [Ding et al. 2020; J. S. Chung et al. 2020c; E. Z. Xu et al. 2022; M.-K.

He et al. 2022]. This multimodal approach has proven particularly effective in

challenging scenarios with multiple speakers or background noise. Audio-visual

models have also shown promise in speech separation tasks [Afouras et al. 2018b;

Ephrat et al. 2018; Gao and Grauman 2021; Rahimi et al. 2022], where the goal is

to isolate individual speakers from a mixture of voices, by leveraging both acoustic

and visual information.

Beyond human-centric tasks, audio-visual deep learning has opened up new pos-

sibilities for comprehensive video understanding. Sounding object localisation [H.

Zhao et al. 2018; Arandjelovic and Zisserman 2018; H. Chen et al. 2021; Xixi Hu

et al. 2022], which aims to identify and locate the sources of sounds within a video

frame, has become more precise by combining auditory features with spatial CNN

feature maps from visual streams. Sound source separation [Gao et al. 2018; Gao

and Grauman 2019; Tzinis et al. 2021; Majumder and Grauman 2022], which in-

volves isolating individual sound sources from a mixture, has also benefited from

audio-visual approaches, leveraging visual cues to enhance separation quality. The

field has also seen advancements in cross-modal generation tasks, such as synthe-

sising plausible audio for silent videos [Davis et al. 2014; K. Su et al. 2021; Du

et al. 2023] or generating visual content based on audio input [L. Chen et al. 2017;

J. S. Chung et al. 2017; Tang et al. 2018]. Additionally, audio-visual representa-

tion learning [Aytar et al. 2016; Korbar et al. 2024; Korbar et al. 2018; Owens and

Efros 2018; Afouras et al. 2020b; Lian et al. 2023], which aims to learn a joint

embedding space for audio and visual data has been widely studied and applied to

various downstream applications such as source separation [Afouras et al. 2020b],

object detection [Afouras et al. 2022] and action recognition [Korbar et al. 2018].

Learning from context in video Learning from temporal context in video

analysis is a crucial aspect of developing more accurate and robust video models.

Context provides additional information that can significantly enhance the under-

standing of individual actions or events within a video sequence. As illustrated in

Fig. 1.1, the action “wash aubergine” can be inferred with higher certainty when we

take into account the adjacent actions, such as “turn on tap” preceding and “turn
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Figure 1.1: Demonstrating two temporal context windows (pink, green), centred
around the action to be recognised. We can infer ‘wash aubergine’ with higher
accuracy if we know that the tap was turned on before and turned off afterwards.

off tap” following. This temporal context allows the system to make more informed

predictions by considering the logical sequence of actions in a given scenario.

The importance of contextual learning extends beyond simple action recognition.

By analysing the relationships between different actions and objects, models can

better interpret ambiguous situations, predict future events, and provide a more

comprehensive understanding of the video content. In complex video understand-

ing tasks, such as action anticipation [Furnari and Farinella 2019; Sener et al.

2020; Girdhar and Grauman 2021] or object detection [Beery et al. 2020; Berta-

sius and Torresani 2020], the ability to leverage contextual information becomes

even more critical. This approach mimics human cognition, where we naturally use

contextual clues to make sense of our surroundings and anticipate likely outcomes.

Audio-visual datasets The internet is flooded with video content in our cur-

rent era. In 2024, there are 3.9 billion videos on Youtube and 6 hours of videos are

uploaded every second 1. Moreover, with the emergence of other video-based social

media platforms like Instagram and TikTok, the internet has come to include even

more video data. These data, which often include both audio and video compo-

nents simultaneously, serve as a vital resource for creating audio-visual datasets.

However, methodologies for annotating these video data have not yet been ex-

tensively researched. While many video datasets [Nagrani et al. 2017; Carreira

and Zisserman 2017; Bain et al. 2019; Patraucean et al. 2024] are publicly avail-

able, most of these are collections of videos annotated with labels to solve specific

problems, and even annotating these small amounts of labels requires enormous

resources. In particular, audio-visual datasets require even more resources than

typical video datasets because they involve transcribing two different modalities.

This thesis investigates various methodologies for creating new datasets to address
1https://photutorial.com/how-many-videos-on-youtube/
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desired problems such as speaker recognition, speaker diarisation, and audio event

recognition, aiming to solve these resource-intensive issues.

1.2 Key Objectives

Audio-visual action recognition Action recognition is a fundamental task in

computer vision and video understanding that aims to identify and classify human

actions or activities within video sequences. In the context of untrimmed videos,

given a video segment with a start and end time in a video, the task is to predict

the action in this segment. The objective of audio-visual action recognition is to

develop models that can effectively process both visual and auditory information

to identify actions accurately.

This task becomes particularly complex when dealing with egocentric videos,

where the camera moves with the wearer and captures a first-person perspec-

tive of their actions. Egocentric datasets like EPIC-KITCHENS [Damen et al.

2022] or Ego4D [Grauman et al. 2022] contain videos collected by having people

wear portable cameras on their heads. These datasets typically include videos

recorded over long periods, often exceeding an hour, rather than short clips of

around 10 seconds. Both the video and audio inputs are clear, as they are recorded

in close proximity to the camera wearer’s actions. These characteristics make such

datasets excellent benchmarks for evaluating audio-visual action recognition mod-

els in untrimmed videos.

Character-aware subtitle generation for TV shows Subtitle generation for

TV shows involves automatically creating accurate, time-synchronised text cap-

tions for the spoken content in video broadcasts. This task goes beyond simple

speech recognition, requiring not only accurate transcription but also precise tim-

ing information for each utterance.

Character-aware subtitle generation aims to assign the specific character names per

each utterances. The objective is to develop models that can not only transcribe

speech accurately but also attribute dialogue to the correct speakers and align

subtitles precisely with the audio. Fig. 1.2 shows an example of character-aware

subtitle. This research has practical applications in generating Subtitles for Deaf
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00:17:15,931 ~ 00:17:17,034
Jerry : Oh, please. I love her.

00:17:18,235 ~ 00:17:19,616
George : I’ve just met her, 
but I’m very impressed.

00:17:20,640 ~ 00:17:23,531
Ralph : I don’t understand. 

I’ve never had a problem with 
these notes before.

00:17:23,832 ~ 00:17:24,332
Jerry : What’s the next 

move?
……

Figure 1.2: The example of character-aware subtitle. It contains speech transcripts
with timestamps, and assigns the character who spoke it.

and Hard-of-hearing (SDH) [Szarkowska 2020] and an in-depth understanding of

dialogue content in TV shows.

Efficient audio-visual dataset curation The curation of high-quality audio-

visual datasets is a critical foundation for advancing research in multimodal ma-

chine learning. This process involves collecting, organising, and annotating large

volumes of audio-visual data to create resources that can be used to train and

evaluate AI models. The objective is to develop efficient methods for assembling

datasets that are not only large-scale but also diverse, accurately labeled, and

representative of real-world scenarios.

1.3 Thesis Outline and Contributions

This section provides an outline of the rest of the thesis.

Part I. Audio-visual action recognition in egocentric videos In Chapter 2,

we propose a transformer-based multimodal model that ingests video and audio

as input modalities to recognise human actions in egocentric videos. We explore

how to leverage the action’s temporal context and propose a method that learns

to attend to surrounding actions, when their temporal boundaries are provided, in

order to improve recognition performance. We also investigate utilising not only

the action’s temporal context in the data stream, but also the temporal context

from the labels of neighbouring actions, with an explicit language model which

provides action sequence context to enhance the predictions.

In Chapter 3, we extend the previous work and introduce audio-visual network

which utilises temporal context without the additional information such as tem-

poral boundaries of neighbouring actions. We propose the Time Interval Machine
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(TIM) where a modality-specific time interval poses as a query to a transformer

encoder that ingests a long video input. The encoder then attends to the specified

interval, as well as the surrounding context in both modalities, in order to recog-

nise the ongoing action. We test TIM on three long audio-visual video datasets:

EPIC-KITCHENS [Damen et al. 2022], Perception Test [Patraucean et al. 2024],

and AVE [Tian et al. 2018], reporting state-of-the-art for action recognition.

Part II. Audio-visual character-aware subtitle generation for TV shows

This part focuses on automatic character-aware audio visual subtitle generation

for TV shows. Given a video and a minimal amount of metadata (e.g. castlist per

each video), our goal is to generate a full transcript of the dialogue, with precise

speech timestamps, and the character speaking identified.

Chapter 4 introduces a method which exploits audio-visual cues to select a set of

high-precision audio exemplars for each character, and then uses these exemplars

to classify all speech segments by speaker identity. The method does not require

face detection or tracking method. We evaluate our method’s performance over a

variety of TV shows, including Seinfeld, Frasier and Scrubs.

Chapter 5 presents an advanced framework from previous chapter for character-

aware subtitling. This approach brings two significant enhancements to the ta-

ble. It showcases how audio-visual synchronisation can be leveraged to pinpoint

the speaking character amidst multiple faces in a video clip, thereby associating

an identity with the corresponding speech segment. Additionally, the approach

demonstrates that speaker identification for short segments can be achieved by

examining the temporal context of dialogue within a scene. We utilise local voice

embeddings extracted from the nearby audio, along with reasoning based on large

language models applied to the text transcription. The method is tested on a

dataset of 12 TV shows, thus demonstrating its ability to generalise across TV

shows from a variety of genres.

Part III. Audio-visual dataset curation Chapter 6 proposes VoxConverse,

a large-scale speaker diarisation dataset collected from ‘in-the-wild’ videos. We

introduces an automatic audio-visual diarisation method which consists of active

speaker detection, speech enhancement and audio-only speaker verification. We
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then integrate this method into a semi-automatic dataset creation pipeline and

create VoxConverse dataset. VoxConverse consists of 448 multi-speaker videos

covering 3,830 minutes.

Chapter 7 proposes a novel, challenging speaker recognition dataset called Vox-

Movies. The chapter introduces an audio-visual data collection pipeline, adopted

from the one used to in VoxCeleb [Nagrani et al. 2017] dataset. This modified

pipeline is applied to an existing movie dataset [Bain et al. 2019] to collect speaker

recognition dataset for 856 identities from around 4,000 movie clips. We also in-

vestigate how well state-of-the-art speaker recognition models which are typically

trained on Youtube videos can adapt to recognising human speech from movies.

Results demonstrate that these models can generalise to movies by applying simple

domain adaptation techniques.

Chapter 8, we introduce Epic-Sounds, a large-scale dataset of audio annotations

capturing temporal extents and class labels within the audio stream of the ego-

centric videos. We identify actions that can be discriminated purely from audio,

through grouping these free-form descriptions of audio into classes. An annotation

pipeline is proposed where annotators temporally segment the audio and describe

the action that is happening in the audio. Epic-Sounds includes 78.4k categorised

segments of audible events and actions, distributed across 44 classes as well as

39.2k non-categorised segments. We highlight the importance of audio-only labels

and the limitations of current models to recognise actions that sound.

1.4 Publications

Chapter 2 to Chapter 8 are all peer-reviewed conference papers. We make no

modifications to the content of these papers, except for the format to fit the style

of the thesis. The corresponding statement of authorship for each publication can

be found in Appendix A. The papers included in this thesis are:

(∗ indicates equal contribution)

• Chapter 2 – With a Little Help from my Temporal Context: Multimodal Ego-

centric Action Recognition

Evangelos Kazakos, Jaesung Huh, Arsha Nagrani, Andrew Zisserman.
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Published in the British Machine Vision Conference, 2021.

• Chapter 3 – TIM: A Time Interval Machine for Audio-Visual Action Recogni-

tion

Jacob Chalk∗, Jaesung Huh∗, Evangelos Kazakos, Andrew Zisserman, Dima

Damen.

Published in the IEEE/CVF Conference on Computer Vision and Pattern Recog-

nition, 2024.

• Chapter 4 – Look, Listen and Recognise: character-aware audio-visual subtitling

Bruno Korbar∗, Jaesung Huh∗, Andrew Zisserman.

Published in the International Conference on Acoustics, Speech, and Signal Pro-

cessing, 2024.

• Chapter 5 – Character-aware audio-visual subtitling in context

Jaesung Huh, Andrew Zisserman.

Published in the Asian Conference on Computer Vision, 2024.

• Chapter 6 – Spot the conversation: speaker diarisation in the wild

Joon Son Chung∗, Jaesung Huh∗, Arsha Nagrani∗, Triantafyllos Afouras, An-

drew Zisserman.

Published in the Interspeech, 2020.

• Chapter 7 – Playing a Part: Speaker Verification at the Movies

Andrew Brown∗, Jaesung Huh∗, Arsha Nagrani∗, Joon Son Chung, Andrew

Zisserman.

Published in the International Conference on Acoustics, Speech, and Signal Pro-

cessing, 2021.

• Chapter 8 – Epic-Sounds: A Large-scale Dataset of Actions that Sound

Jaesung Huh∗, Jacob Chalk∗, Evangelos Kazakos, Dima Damen, Andrew Zis-

serman.

Published in the International Conference on Acoustics, Speech, and Signal Pro-

cessing, 2023.

Publications not included

• The VoxCeleb Speaker Recognition Challenge: A Retrospective

Jaesung Huh, Joon Son Chung, Arsha Nagrani, Andrew Brown, Jee-weon
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Jung, Daniel Garcia-Romero, Andrew Zisserman.

Published in the IEEE/ACM Transactions on Audio, Speech, and Language

Processing, 2024.

• WhisperX: Time-Accurate Speech Transcription of Long-Form Audio

Max Bain, Jaesung Huh, Tengda Han, Andrew Zisserman.

Published in the Interspeech, 2023.
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CHAPTER 2. WITH A LITTLE HELP FROM MY TEMPORAL CONTEXT:
MULTIMODAL EGOCENTRIC ACTION RECOGNITION

Chapter 2

With a Little Help from my

Temporal Context: Multimodal

Egocentric Action Recognition

The paper has been accepted for publication at the British Machine Vision Con-

ference (BMVC), 2021.

23



CHAPTER 2. WITH A LITTLE HELP FROM MY TEMPORAL CONTEXT:
MULTIMODAL EGOCENTRIC ACTION RECOGNITION

With a Little Help from my Temporal Context:

Multimodal Egocentric Action Recognition

Evangelos Kazakos1 Jaesung Huh2 Arsha Nagrani2

Andrew Zisserman2 Dima Damen1

1University of Bristol 2VGG, University of Oxford

Abstract

In egocentric videos, actions occur in quick succession. We capitalise on

the action’s temporal context and propose a method that learns to attend

to surrounding actions in order to improve recognition performance. To in-

corporate the temporal context, we propose a transformer-based multimodal

model that ingests video and audio as input modalities, with an explicit lan-

guage model providing action sequence context to enhance the predictions.

We test our approach on EPIC-KITCHENS and EGTEA datasets report-

ing state-of-the-art performance. Our ablations showcase the advantage of

utilising temporal context as well as incorporating audio input modality

and language model to rescore predictions. Code and models at: https:

//github.com/ekazakos/MTCN.
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Figure 2.1: Egocentric video demonstrating two temporal context windows (pink,
green), centred around the action to be recognised. We can infer ‘wash aubergine’
with higher accuracy if we know that the tap was turned on before and turned off
afterwards.

2.1 Introduction

Action recognition in egocentric video streams from sources like EPIC-KITCHENS

poses a number of challenges that differ substantially from those of conventional

third-person action recognition – where training and evaluation is on 10 second

video clips and classes are quite high-level [Kay et al. 2017]. Actions are fine-

grained (e.g. ‘open bottle’) and noticeably short, often one second or shorter. Along

with the challenge, the footage offers an under-explored opportunity, as actions

are captured in long untrimmed videos of well-defined and at-times predictable

sequences. For example the action ‘wash aubergine’ can be part of the following

sequence – you first ‘take the aubergine’, ‘turn on the tap’, ‘wash the aubergine’

and finally ‘turn off the tap’ (Fig. 2.1). Furthermore, the objects (the aubergine

and tap in this case) are persistent over some of the neighbouring actions.

In this work, we investigate utilising not only the action’s temporal context in the

data stream, but also the temporal context from the labels of neighbouring actions.

We propose a model that attends to neighbouring actions1. Concretely, we use the

attention mechanism of a multimodal transformer architecture to take account of

the context in both the data and labels, using three modalities: vision, audio and

language. We are motivated by previous works that demonstrate the significance of

audio in recognising egocentric actions [Kazakos et al. 2019; W. Wang et al. 2020;

Xiao et al. 2020], and thus include the auditory temporal context in addition to the

visual clips. We also utilise context further, by training a language model on the

sequence of action labels, inspired by the success of language models [Devlin et al.

2019; Zhilin Yang et al. 2019; T. Brown et al. 2020] in re-scoring model outputs

for speech recognition [Chan et al. 2016; Mikolov et al. 2010; Hannun et al. 2014]
1Note that these action start/end times are readily available in labelled datasets for untrimmed

videos and do not require additional labels. We just leverage these.
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and machine translation [Gulcehre et al. 2017] (Fig. 2.2).

Our main contributions are summarised as follows: First, we formulate temporal

context as a sequence of actions surrounding the action in a sliding window. Sec-

ond, we propose a novel framework able to model multimodal temporal context. It

consists of a transformer encoder that uses vision and audio as input context, and a

language model as output context operating on the action labels. Third, we obtain

state-of-the-art performance on two datasets: (i) the large-scale egocentric dataset

EPIC-KITCHENS, outperforming high-capacity end-to-end transformer models;

and (ii) the EGTEA dataset. Finally, we include an ablation study analysing the

importance of the extent of the temporal context and of the various modalities.

2.2 Related Work

Action Recognition. There is a rich literature of seminal works in action recog-

nition innovating temporal sampling [Limin Wang et al. 2016; B. Zhou et al. 2018;

Kazakos et al. 2019], multiple streams [Feichtenhofer et al. 2019], spatio-temporal

modelling [Tran et al. 2018; J. Lin et al. 2019; Girdhar et al. 2019] or modelling ac-

tions as transformations from initial to final states [X. Wang et al. 2016]. Our work

is related to the more recent transformer-based approaches [Girdhar et al. 2019;

Neimark et al. 2021; Bertasius et al. 2021; Arnab et al. 2021; Bulat et al. 2021;

Patrick et al. 2021; Nagrani et al. 2021]. We compare our model with four recent

works [Arnab et al. 2021; Bulat et al. 2021; Patrick et al. 2021; Nagrani et al. 2021].

[Arnab et al. 2021] investigated spatio-temporal attention factorisation schemes,

while in [Bulat et al. 2021] the authors propose full-attention within a temporal

window. [Patrick et al. 2021] proposes temporal attention along trajectories with

learnt tokens. [Nagrani et al. 2021] proposes fusion bottlenecks for cross-modal

attention. These approaches require training on large-scale datasets and strong

data augmentation for generalisation. Our model operates on pre-extracted fea-

tures which are processed with a lightweight transformer and outperforms these

works by relying on multimodal temporal context.

In egocentric action recognition, researchers propose a range of techniques to ad-

dress its unique challenges [Sudhakaran et al. 2019; Baradel et al. 2018; Yanghao Li

et al. 2021; Kazakos et al. 2019; Munro and Damen 2020]. [Sudhakaran et al. 2019]
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considered long-term understanding through an LSTM with attention to focus on

relevant spatio-temporal regions, but the approach operates within the action clip

solely. [Baradel et al. 2018] shows that modelling hand-object interactions is ben-

eficial, while in [Yanghao Li et al. 2021] the authors pre-train egocentric networks

by distilling egocentric signals from large-scale third-person datasets. [Kazakos

et al. 2019] shows that audio is key to egocentric action recognition due to sounds

produced from interactions with objects. In [Munro and Damen 2020], the authors

propose a multimodal unsupervised domain adaptation approach to tackle the dis-

tribution shift between environments. We build on these works but propose the

first approach to incorporate both audio-visual and language-model predictions.

Temporal Context for Video Recognition Tasks. A few works have con-

sidered temporal context to improve the models’ performance for action antici-

pation [Sener et al. 2020; Furnari and Farinella 2019], action recognition [C.-Y.

Wu et al. 2019; C. Zhang et al. 2021; Ng and Fernando 2019; Cartas et al. 2021],

and object detection [Beery et al. 2020; Bertasius and Torresani 2020]. [Sener

et al. 2020] proposes a model that operates on multi-scale past temporal context

for action anticipation while they also test on action recognition by modifying the

architecture to consider both past and future context. In [C. Zhang et al. 2021], a

set of learnable query vectors attends to dense temporal context to identify events

in untrimmed videos. In [Ng and Fernando 2019], an encoder-decoder LSTM is

proposed for classifying sequences of human actions, effectively attending to the

relevant temporal context of each action. Closest to our work is [C.-Y. Wu et al.

2019], where long-term features from the past and the future of an untrimmed

video are utilised, to improve the recognition performance of the ongoing action.

A key difference is that we exploit both the temporal bounds and predicted labels

of neighbouring actions.

Multimodal transformers. The self attention mechanism of transformers pro-

vides a natural bridge to connect multimodal signals. Applications include audio

enhancement [Ephrat et al. 2018; Tzinis et al. 2021], speech recognition [Harwath

et al. 2016], image segmentation [Linwei Ye et al. 2019; Tzinis et al. 2021], cross-

modal sequence generation [Gan et al. 2020; R. Li et al. 2021; Jiaman Li et al.

2020], video retrieval [Gabeur et al. 2020] and image/video captioning/classifica-

tion [J. Lu et al. 2019; C. Sun et al. 2019b; C. Sun et al. 2019a; G. Li et al. 2019;
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Iashin and Rahtu 2020; Jaegle et al. 2021]. A common paradigm (which we also

adapt) is to use the output representations of single modality convolutional net-

works as inputs to the transformer [Lee et al. 2021; Gabeur et al. 2020]. Unlike

these works, we use transformers to combine modalities in two specific ways – we

first combine audio and visual inputs to predict actions based on neighbouring

context, and then re-score these predictions with the help of a language model

applied on the outputs.

Language models for action detection. There are a few works that incorporate

a language model in action detection. The most relevant work is [Richard and

Gall 2016], which utilises a statistical n-gram language model along with a length

model and an action classifier. [M. Lin et al. 2017] combines the Connectionist

Temporal Classification (CTC) [Graves et al. 2006] with a language model to

learn relationships between actions. Both of these works improve the results by

considering the contextual structure of the sequence of actions, albeit relying on

a statistical language model, whereas in this work we utilise a neural language

model which has shown better performance [Y. Bengio et al. 2003; Doval and

Gómez-Rodríguez 2019; Y. Kim et al. 2016].

2.3 Multimodal Temporal Context Network (MTCN)

Given a long video, we predict the action in a video segment by leveraging the

temporal context around it. We define the temporal context as the sequence of

neighbouring actions that precede and succeed the action, and aim to leverage

that information, when useful, through learnt attention. We utilise multimodal

temporal context both at the input and the output of our model. An audio-

visual transformer ingests a temporally-ordered sequence of visual inputs, along

with the corresponding sequence of auditory inputs. We use modality-independent

positional encodings as well as modality-specific encodings. The language model,

acting on the output of the transformer learns the prior temporal context of actions,

i.e. the probability of the sequence of actions, using a learnt text embedding space.

Inspired by similar approaches [Wray et al. 2019], and instead of using a single

summary embedding as in prior works for image [Dosovitskiy et al. 2021] and

action classification [Arnab et al. 2021], the audio-visual model utilises two separate
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Figure 2.2: The Multimodal Temporal Context Network (MTCN). Visual and
auditory tokens are tagged with positional and modality encodings. An audio-
visual transformer encoder attends to the sequence. Verb and noun summary
embeddings with independent positional encodings, predict the action at the centre
of the window (‘take washing liquid’). The classifier also predicts the sequence of
actions to train an auxiliary loss that enhances the prediction of the centre action.
The language model filters out improbable sequences.

summary embeddings to attend to the action (i.e. verb) class and the object (i.e.

noun) class. This allows the model to attend independently to the temporal context

of verbs vs objects. For example, the object is likely to be the same in neighbouring

actions while the possible sequences of verbs can be independent of objects (e.g.

‘take’ → ‘put’). Each summary embedding uses a different learnt classification

token, and the classifier predicts a verb and a noun from the summary embeddings.

The predictions of the audio-visual transformer are then enhanced by filtering out

improbable sequences using the language model. We term the proposed model

Multimodal Temporal Context Network (MTCN).

In the next three subsections, we detail the architectural components of MTCN,

as well as our training strategy. An overview of MTCN is depicted in Fig. 2.2.

2.3.1 Audio-Visual Transformer

Let Xv ∈ Rw×dv be the sequence of visual inputs from a video, and Xa ∈ Rw×da

the corresponding audio inputs2, for w consecutive actions in the video (i.e. the

temporal context window), with dv, da being the input dimensions of the two

modalities respectively. Xv and Xa correspond to features extracted from visual

and auditory networks, respectively. Our temporal window is centred around an

action bi with surrounding action segments, excluding any background frames.

That is, each action bj within the window, i − w−1
2

≤ j ≤ i + w−1
2

is part of the

transformer’s input.

Encoding layer. Our model first projects the inputs Xv, Xa to a lower dimension
2Video and audio inputs/features are synchronised, therefore they have the same length w.
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D and tags each with positional and modality encodings. Then, an audio-visual

encoder performs self-attention on the sequence to aggregate relevant audio-visual

temporal context from neighbouring actions. Because all self-attention operations

in a transformer are permutation invariant, we use positional encodings to retain

information about the ordering of actions in the sequence. We use w learnt absolute

positional encodings, shared between audio-visual features to model corresponding

inputs from the two modalities. Modality encodings, mv, ma ∈ RD, are learnt

vectors added to discriminate between audio and visual tokens.

A classifier predicts the action bi, using two summary embeddings, acting on the

learnt verb/noun tokens. We use the standard approach of appending learnable

classification tokens to the end of the sequence but use two tokens, one for verbs and

one for nouns, denoted as CLSV, CLSN ∈ RD, with unique positional encodings.

To summarise, the encoding layer transforms the inputs Xv and Xa as follows:

Xe
vj
= gv(Xvj) + pj +mv Xe

aj
= ga(Xaj) + pj +ma ∀j ∈ [1, ..., w] (2.1)

CLSe
V = CLSV + pw+1 CLSe

N = CLSN + pw+2 Xe = [Xe
v ;X

e
a;CLSe

V;CLSe
N],

(2.2)

where [; ] denotes input concatenation and p ∈ R(w+2)×D are the positional encod-

ings. gv(·) : Rdv 7→ RD and ga(·) : Rda 7→ RD, are fully-connected layers projecting

the visual and audio features, respectively, to a lower dimension D. The input

to the transformer is Xe ∈ R(2w+2)×D. In Section 2.6.5, we compare the absolute

positional encodings with relative [Shaw et al. 2018] and Fourier feature positional

encodings [Jaegle et al. 2021].

Transformer and classifier. We use a transformer encoder f(·) to process se-

quential audio-visual inputs, Z = f(Xe). We share the weights of the transformer

encoder layer-wise. In Section 2.6.5, we compare this to a version without weight

sharing. Weight sharing uses 2.7× less parameters with comparable results. A

two-head classifier h(·) for verbs and nouns then predicts the sequence of w ac-

tions from both the transformed visual and audio tokens Ŷ = h(Z1:2w), and the

action bi from the summary embeddings ŷ = h(Z2w:2w+2).

Loss function. Recall that our goal is to classify bi, the action localised at the
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centre of our temporal context. Nevertheless, we can leverage the ground-truth of

neighbouring actions within w for additional supervision to train the audio-visual

transformer. Our loss is composed of two terms, the main loss for training the

model to classify the action at the centre of our temporal context i = w
2
, and an

auxiliary loss to predict all actions in the sequence:

Lm = CE(Y V
i , ŷV) + CE(Y N

i , ŷN) (2.3)

La =
w∑

j=1

(
CE(Y V

j , Ŷ V
j ) + CE(Y V

j , Ŷ V
|w|+j) + CE(Y N

j , Ŷ N
j ) + CE(Y N

j , Ŷ N
|w|+j)

)
(2.4)

loss = βLm + (1− β)La, (2.5)

where CE() is a cross-entropy loss, and Y = (Y1, ..., Yw) is the ground-truth of

the sequence, while Ŷ1, ..., Ŷw and Ŷw+1, ..., Ŷ2w correspond to predictions from the

transformed visual and auditory inputs respectively. We use β to weight the im-

portance of the auxiliary loss.

2.3.2 Language Model

In addition to input context from the visual and audio domains, we introduce

output context using a language model. Language modelling, commonly applied

to predict the probability of a sequence of words, is a fundamental task in NLP

research [Peters et al. 2018; Devlin et al. 2019; T. Brown et al. 2020; Zhilin Yang et

al. 2019]. Our language model predicts the probability of a sequence of actions. We

use the language model to improve the predictions of the audio-visual transformer

by filtering out improbable sequences.

We adopt the popular Masked Language Model (MLM), introduced in BERT [De-

vlin et al. 2019]. We train this model independently from the audio-visual trans-

former. Specifically, given a sequence of actions Y = (Yi−w−1
2
, ..., Yi+w−1

2
), we

randomly mask any action Yj and train the model to predict it. For example, an

input sequence to the model (for w = 5) would be: (‘turn on tap’, ‘wash hands’,

<MASK>, ‘pick up towel’, ‘dry hands’). Without any visual or audio input, the

language model is tasked to learn a high prior probability for ‘turn off tap’, which
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is masked. Note that the model is trained using the ground-truth sequence of ac-

tions. For input representation, we split the action into verb and noun tokens (e.g.

‘dry hands’ → ‘dry’ and ‘hand’), convert them to one-hot vectors and input them

into separate word-embedding layers3. MLM takes as input the concatenation of

verb and noun embeddings. The outputs are scores for verb and noun classes using

a two-head classifier, and the model is trained with a cross-entropy loss per output.

2.3.3 Inference

Given the the scores of the sequence, Ŝ = (ŷi−w−1
2
, ..., ŷi+w−1

2
), from the audio-

visual model4, we apply a beam-search of size K to find the K most probable

action sequences Ŝb. Therefore, Ŝb is of size K × w. In inference, the trained

language model takes as input Ŝb, i.e. it operates on sequences predicted from the

audio-visual transformer.

For each sequence l, we calculate the probability of the sequence pLM(Ŝl
b) from

the language model by utilising the method introduced in [Shin et al. 2019]. We

mask actions, one at a time, and predict their probability. pLM(Ŝl
b) is the sum

of log probabilities of all actions in l. We also calculate the probability pAV (Ŝ
l
b)

by summing the log probabilities of all predicted actions in l by the audio-visual

model. Then, we combine the probabilities of sequences of the audio-visual and

language models:

p(Ŝl
b) = λpLM(Ŝl

b) + (1− λ)pAV (Ŝ
l
b). (2.6)

Sequences are then sorted in descending order by p(Ŝl
b). The score of the centre

action from the sequence with the highest probability, is used as the final predic-

tion.
3Learning a word embedding outperforms pretrained embeddings.
4These are temporally ordered predictions from the summary embeddings, and thus different

from Ŷ .
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2.4 Experiments

2.4.1 Implementation Details

Datasets. EPIC-KITCHENS-100 [Damen et al. 2022] is the largest egocentric

audio-visual dataset, containing unscripted daily activities, thus offering naturally

variable sequences of actions. There are on average 129 actions per video (std 163

actions/video and maximum of 940 actions/video). This makes the dataset ideal

for exploring temporal context. The length of sequences of w = 9 actions (this

is our default window length) is 34.4 seconds of video on average with an std of

27.8 seconds5. EGTEA [Yingwei Li et al. 2018] is another video-only egocentric

dataset. There are 28 hours of untrimmed cooking activities with 10K annotated

action segments. Although the dataset does not contain audio, it has sequential

actions annotated within long videos, and we use it to train part of our approach

(vision and language).

Visual features. For EPIC-KITCHENS, we extract visual features with Slow-

Fast [Feichtenhofer et al. 2019], using the public model and code from [Damen et

al. 2022]. We first train the model with slightly different hyperparameters, where

we sample a clip of 2s from an action segment, do not freeze batch normalisation

layers, and warm-up training during the first epoch starting from a learning rate of

0.001. We note that this gave us better performance. All unspecified hyperparam-

eters remain unchanged. For feature extraction, 10 clips of 1s each are uniformly

sampled for each action segment, with a center crop per clip. The resulting features

have a dimensionality of dv = 2304. The SlowFast visual features are used for all

the results in this paper, apart for the comparison with the state of the art in Ta-

ble 2.3 where we additionally experiment with features from Mformer-HR [Patrick

et al. 2021]. These are extracted from the EPIC-KITCHENS pretrained model us-

ing a single crop per clip. The resulting features have a dimensionality of dv=768.

For EGTEA, see Section 2.6.6.

Auditory features. We use Auditory SlowFast [Kazakos et al. 2021b] for audio

feature extraction when present. Similarly to the visual features, we extract 10

clips of 1s each uniformly spaced for each action segment, with average pooling and

concatenation of the features from the Slow and Fast streams, and the resulting
5minimum of 3.4 seconds to a maximum of 720.2 seconds.
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features have the same dimensionality, da = 2304.

Architectural details. Both the audio-visual transformer encoder and the lan-

guage model consist of 4 layers with shared weights, 8 attention heads and a hidden

unit dimension of 512. In the audio-visual transformer, positional/modality en-

codings as well as verb/noun tokens have also dimensionality D = 512 and are

initialised to N (0, 0.001). The layers gv(·) and ga(·) reduce the features to the

common dimension D = 512. In the encoding layer, dropout is applied at the

inputs of gv(·) and ga(·) as well as at Xe. In the language model, both verb and

noun word-embedding layers have a dimension of 256, and positional encodings

have a dimension of 512, while dropout is applied to its inputs.

Scheduled sampling. We modify the scheduled sampling from [S. Bengio et

al. 2015] to train the language model. At each training iteration, we randomly

mask an action, predict it, and replace the corresponding ground-truth with the

prediction.

Train / Val details. For EPIC-KITCHENS, the audio-visual transformer is

trained using SGD, a batch size of 32 and a learning rate of 0.01 for 100 epochs.

Learning rate is decayed by a factor of 0.1 at epochs 50 and 75. In the loss function,

we set β = 0.9. For regularisation, a weight decay of 0.0005 is used and a dropout

0.5 and 0.1 for the encoding layers and transformer layers respectively. We use

mixup data augmentation [Hongyi Zhang et al. 2018] with α = 0.2. The language

model is trained for the same number of epochs with a batch size of 64, Adam

optimiser with initial learning rate of 0.001 and the learning rate is decreased by

a factor of 0.1 when validation accuracy saturates for over 10 epochs. The values

of dropout and weight decay are the same as those of the audio-visual model.

For inference, we tune λ in Eq. (2.6) on the validation set with grid-search from

the set {0, 0.05, 0.1, 0.15, 0.2, 0.25, 0.3}, and we use a beam size of K = 10. For

training the audio-visual transformer, we randomly sample 1 out of 10 features

per action. For testing, we feed all 10 features per action to the transformer and

we share the positional encoding corresponding to an action with all 10 features.

We also tried single feature per action followed by averaging 10 predictions but

observed no difference in performance. For the train/val details in EGTEA, please

see Section 2.6.6.
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Overall Unseen Participants Tail-classes

Top-1 Accuracy (%) Top-5 Accuracy (%) Top-1 Accuracy (%) Top-1 Accuracy (%)

w Verb Noun Action Verb Noun Action Verb Noun Action Verb Noun Action

1 67.93 52.29 41.30 90.53 76.47 61.52 61.13 44.60 32.58 42.05 27.42 21.48
3 69.80 55.24 43.52 91.30 79.04 63.25 61.41 46.48 33.71 39.09 32.58 23.06
5 70.38 56.16 45.13 91.67 79.47 64.14 61.97 46.95 34.74 43.12 32.53 24.54
7 70.43 56.19 45.01 91.23 79.13 63.52 62.63 47.14 34.84 41.31 32.79 24.12
9 70.60 56.26 45.48 91.14 79.06 63.06 63.76 47.14 35.87 41.36 32.84 24.70
11 70.55 55.74 44.68 91.18 79.23 63.02 62.91 46.57 34.74 41.82 33.58 24.44

Table 2.1: Analysis of temporal context extent for MTCN on EPIC-KITCHENS.

Evaluation metrics. For EPIC-KITCHENS-100, we follow [Damen et al. 2022]

and report top-1 and top-5 accuracy for the validation and test sets separately (Test

results and results on EPIC-KITCHENS-55 in Section 2.6.1 and Section 2.6.2). We

also follow [Damen et al. 2022] and report results for two subsets within val/test:

unseen participants and tail classes. For EGTEA, we follow [Min and Corso 2021;

M. Lu et al. 2019; Kapidis et al. 2019] and report top-1 accuracy and mean class

accuracy using the first train/test split.

2.4.2 Analysis of temporal context length

We first analyse the importance of the temporal context extent by varying the size

of w, i.e. the length of window of actions that our model observes. We use the

validation set of EPIC-KITCHENS for this analysis as well as for the ablations

in Section 2.4.3, and report EGTEA analysis in Section 2.6.7. We perform this

analysis both for MTCN containing all modalities as shown in Table 2.1, as well as

for the language model as shown in Table 2.2. Varying the length of the window

has a big impact on the model’s accuracy showcasing that MTCN successfully

utilises temporal context. Using temporal context outperforms w = 1, i.e. no

temporal context. As the window length increases the performance also increases.

Overall top-1 accuracy increases up to w = 9 while top-5 up to a window w = 5.

Performance on unseen participants and tail classes also increases up to w = 9.

In Table 2.2, experiments are conducted by masking the centre action and mea-

suring how well the model predicts it. We use ground-truth for the other actions,

as in this experiment we are interested in the maximum possible performance of

the language model, i.e. assuming correct predictions from the audio-visual model.

Here w = 1 corresponds to a language model that randomly guesses the masked
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Overall

Top-1 Accuracy (%)

w Verb Noun Action

1 19.32 3.74 0.82
3 38.08 45.56 23.85
5 42.15 50.36 29.48
7 42.93 50.35 29.91
9 43.06 50.22 29.41
11 41.89 49.96 29.14

Table 2.2: Analysis of
the temporal context on
LM.
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Figure 2.3: Effect of temporal context on verb (left)
and noun (right) accuracy of individual modalities
and for MTCN on EPIC-KITCHENS. Y-axis cut to
emphasise details.

action without any context. When varying the length of the window for the lan-

guage model, verb performance increases when enlarging the temporal context

from w = 3 to w = 9 while for nouns optimal temporal context is w = 5, and

w = 7 for actions. Interestingly, the language model is performing particularly

well for nouns, since the same object is often used for the entire sequence.

Finally, Fig. 2.3 shows the effect of temporal context extent on verb and noun

accuracy of the individual modalities as well as of MTCN. For verbs, visual modal-

ity performance increases up to 7 actions and then decreases while for nouns, it

steadily increases up to 11 actions, possibly because larger context is able to re-

solve ambiguities due to occlusion. Audio can better capture temporal context for

verbs than the language model, showcasing that the progression of sounds conveys

more useful information about the action. For nouns, the language model out-

performs audio. Moreover, the language model performs better on nouns because

of repetitions of the same object in the sequence. MTCN utilising all modalities

(A-V-LM) benefits the most from larger temporal context, particularly for verbs.

With this analysis completed, we fix w to 9 in all subsequent experiments.

2.4.3 Results and Ablations

We compare our approach with the state-of-the-art (SOTA) approaches on EPIC-

KITCHENS-100 as shown in Table 2.3. MTCN significantly outperforms convo-

lutional approaches [Limin Wang et al. 2016; J. Lin et al. 2019; Kazakos et al.

2019; Feichtenhofer et al. 2019]. We outperform the audio-visual TBN [Kazakos

et al. 2019] by 8% on top-1 actions, and SlowFast [Feichtenhofer et al. 2019] by

6% (using the same visual features). We also outperform very recent transformer-
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Overall Unseen Participants Tail-classes

Top-1 Accuracy (%) Top-5 Accuracy (%) Top-1 Accuracy (%) Top-1 Accuracy (%)

Model Verb Noun Action Verb Noun Action Verb Noun Action Verb Noun Action

TSN [Limin Wang et al. 2016] 60.2 46.0 33.2 89.6 72.9 55.1 47.4 38.0 23.5 30.5 19.4 13.9
TBN [Kazakos et al. 2019] 66.0 47.2 36.7 90.5 73.8 57.7 59.4 38.2 29.5 39.1 24.8 19.1
TSM [J. Lin et al. 2019] 67.9 49.0 38.3 91.0 75.0 60.4 58.7 39.6 29.5 36.6 23.4 17.6
SlowFast [Feichtenhofer et al. 2019] 65.6 50.0 38.5 90.0 75.6 58.6 56.4 41.5 29.7 36.2 23.3 18.8
ViViT-L/16x2 [Arnab et al. 2021] 66.4 56.8 44.0 - - - - - - - - -
X-ViT (16x) [Bulat et al. 2021] 68.7 56.4 44.3 - - - - - - - - -
Mformer-HR [Patrick et al. 2021] 67.0 58.5 44.5 - - - - - - - - -
MBT [Nagrani et al. 2021] 64.8 58.0 43.4 - - - - - - - - -
MTCN - v.f. SlowFast [Feichtenhofer et al. 2019] 70.6 56.3 45.5 91.1 79.1 63.1 63.8 47.1 35.9 41.4 32.8 24.7
MTCN - v.f. Mformer-HR [Patrick et al. 2021] 70.7 62.1 49.6 90.7 83.1 68.6 63.7 50.9 38.9 41.9 39.2 27.7

Table 2.3: Comparison with SOTA on EPIC-KITCHENS-100 using two visual
features (‘v.f.’)

Overall Unseen Participants Tail-classes

Top-1 Accuracy (%) Top-5 Accuracy (%) Top-1 Accuracy (%) Top-1 Accuracy (%)

V A LM Aux Verb Noun Action Verb Noun Action Verb Noun Action Verb Noun Action

✓ ✗ ✗ ✓ 67.10 53.54 41.49 90.62 78.22 62.32 58.87 43.29 30.99 40.97 30.47 22.35
✓ ✗ ✓ ✓ 67.84 54.08 42.05 90.63 78.20 60.68 59.06 44.23 31.36 39.77 31.32 22.38
✓ ✓ ✗ ✓ 70.23 55.82 45.00 91.13 79.06 64.58 63.29 46.38 35.02 41.76 32.26 24.41
✓ ✓ ✓ ✗ 69.31 55.46 43.81 91.19 79.76 62.35 61.13 46.01 33.90 39.55 30.74 22.74

✓ ✓ ✓ ✓ 70.60 56.26 45.48 91.14 79.06 63.06 63.76 47.14 35.87 41.36 32.84 24.70

✓ ✓ † ✓ 71.33 63.56 50.32 92.05 83.16 67.85 62.25 52.68 37.56 41.53 44.16 29.89

Table 2.4: Ablation on multimodal temporal context and auxiliary loss in EPIC-
KITCHENS. †: upper bound using ground-truth knowledge as input to the lan-
guage model.

based approaches [Arnab et al. 2021; Bulat et al. 2021; Patrick et al. 2021; Nagrani

et al. 2021], reporting published results (only top-1 accuracy). Note, that MTCN

consists of a lightweight transformer that operates on pre-extracted features, while

[Arnab et al. 2021; Bulat et al. 2021; Patrick et al. 2021; Nagrani et al. 2021] are

high-capacity models trained end-to-end.

Additionally, when we employ visual features from Mformer-HR [Patrick et al.

2021], MTCN improves over all transformer-based approaches, including audio-

visual fusion [Nagrani et al. 2021], by 3.5% on top-1 nouns and 5% on actions.

We attribute the boost on nouns to the enhanced object recognition performance

of the ViT backbone [Dosovitskiy et al. 2021] in Mformer-HR and its large-scale

pretraining. These results, however, further demonstrate the potential to boost

other methods and features by utilising multimodal temporal context.

We compare MTCN without audio with the state-of-the-art on EGTEA, in Ta-

ble 2.5. This model uses w = 3. Our model improves over previous approaches by

3% in both top-1 and mean class accuracy. Note that MTCN outperforms Slow-

Fast [Feichtenhofer et al. 2019] which we used to extract features. In Section 2.6.7,
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Method Top-1 (%) MC(%)

Li et al. [Yin Li et al. 2018] - 53.30
Ego-RNN [Sudhakaran and Lanz 2018] 62.17 -
Kapidis et al. [Kapidis et al. 2019] 68.99 61.40
Lu et al. [M. Lu et al. 2019] 68.60 60.54
SlowFast [Feichtenhofer et al. 2019] 70.43 61.92
MCN [Y. Huang et al. 2020] 55.63 -
Min et al. [Min and Corso 2021] 69.58 62.84
MTCN (V) (Ours) 72.55 64.86
MTCN (V+LM) (Ours) 73.59 65.87

Table 2.5: Comparative results on EGTEA. MC: Mean Class
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Figure 2.4: Qualitative results of attention weights along with the predictions
of our model in EPIC-KITCHENS. Green and purple edges represent attention
from the noun embedding to visual and auditory tokens, respectively. Thickness
indicates attention weights magnitude to centre (bordered) and temporal context
actions.

we ablate the temporal context and language model, where we showcase that the

language model provides a bigger boost in performance, possibly due to the ab-

sence of the audio modality (also shown in Table 2.5: ‘V’ vs ‘V+LM’).

Multimodality Ablation. We offer an ablation to identify the performance im-

pact of the components of our MTCN. Results are shown in Table 2.4. We remove

audio and language modalities from our model’s input and output respectively to

assess their importance. Multimodal context is important, as our proposed model

enjoys considerable margins compared with the model trained only with visual

context (line 1 in Table 2.4). Audio is beneficial, confirming the finding of prior

works.

Although the language model provides smaller boost in performance than audio,

it showcases that it is useful to model prior temporal context at the output level,

and that its benefits are complementary to audio. We also include upper bound

performance improvement from the addition of the language model, where it takes

as input the ground-truth preceding/succeeding actions rather than the predictions
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from the audio-visual transformer (last line in Table 2.4), effectively a language

infilling problem. These results demonstrate the potential margin for improvement,

particularly for nouns and accordingly action accuracy as well as tail classes. In

Section 2.6.3, we report statistical significance over multiple runs for the language

model, and compare it to alternative baselines.

Auxiliary loss. Also from Table 2.4, training MTCN with auxiliary loss boosts

its performance almost in all metrics, confirming that utilising supervision from

neighbouring actions can improve the performance of the action of interest, i.e.

the action at the centre of the window.

While we focus on offline action recognition, we can evaluate our model for online

recognition by predicting the last action in the sequence instead of the centre one.

Results are included in Section 2.6.4 for different values of w, where w = 7 pro-

vided best results for EPIC-KITCHENS. Best top-1 action performance using past

context solely is 42.96% compared to 45.48% using surrounding context. However,

we demonstrate that our model can leverage multimodal temporal context in this

setting.

In Fig. 2.4, we visualise the auditory and visual temporal context attention on

a correctly recognised sequence (left) – where subsequent actions of pouring and

closing are particularly informative, and an incorrectly (right) predicted sequence

– where both attention weights are high on actions containing the egg, causing

the model to incorrectly predict the noun as egg. More qualitative examples are

included in Section 2.6.8.

2.5 Conclusion

We formulate temporal context as a sequence of actions, and utilise past and future

context to enhance the prediction of the centre action in the sequence. We propose

MTCN, a model that attends to vision and audio as input modality context, and

language as output modality context. We train MTCN with additional supervision

from neighbouring actions. Our results showcase the importance of audio and lan-

guage as additional modality context. We report SOTA results on two egocentric

video datasets: EPIC-KITCHENS and EGTEA. An extension to MTCN would

incorporate an actionness score of neighbouring frames, to distinguish background
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Overall Unseen Participants Tail-classes

Top-1 Accuracy (%) Top-5 Accuracy (%) Top-1 Accuracy (%) Top-1 Accuracy (%)

Model Verb Noun Action Verb Noun Action Verb Noun Action Verb Noun Action

TSN [Limin Wang et al. 2016] 59.03 46.78 33.57 87.55 72.10 53.89 53.11 42.02 27.37 26.23 14.73 11.43
TBN [Kazakos et al. 2019] 62.72 47.59 35.48 88.77 73.08 56.34 56.69 43.65 29.27 30.97 19.52 14.10
TSM [J. Lin et al. 2019] 65.32 47.80 37.39 89.16 73.95 57.89 59.68 42.51 30.61 30.03 16.96 13.45
SlowFast [Feichtenhofer et al. 2019] 63.79 48.55 36.81 88.84 74.49 56.39 57.66 42.55 29.27 29.65 17.11 13.45
Ego-Exo [Yanghao Li et al. 2021] 66.07 51.51 39.98 89.39 76.31 60.68 59.83 45.50 32.63 33.92 22.91 16.96
MTCN - v.f. SlowFast [Feichtenhofer et al. 2019] 68.44 55.41 44.10 88.74 78.04 61.69 61.82 47.62 34.94 34.77 28.60 20.45
MTCN - v.f. Mformer-HR [Patrick et al. 2021] 67.88 60.02 46.83 88.69 81.84 66.48 61.07 55.21 38.98 35.16 34.70 22.79

Table 2.6: Results on the test set of EPIC-Kitchens-100.

Top-1 Accuracy (%) Top-5 Accuracy (%)

Model Verb Noun Action Verb Noun Action

LFB [C.-Y. Wu et al. 2019] 60.0 45.0 32.7 88.4 71.8 55.3
G-Blend [W. Wang et al. 2020] 66.7 48.5 37.1 88.9 71.4 56.2
AV-SlowFast [Xiao et al. 2020] 65.7 46.4 35.9 89.5 71.7 57.8
Ego-Exo [Yanghao Li et al. 2021] 65.97 47.99 37.09 90.32 70.72 56.32
MTCN (Ours) 69.12 51.30 40.77 90.18 73.53 59.15

Table 2.7: Comparison with SOTA on the Seen split (S1) of EPIC-KITCHENS-55.

frames and learn from action sequences in untrimmed videos without temporal

bounds during testing. This would bridge the problems of recognition and detec-

tion, utilising multimodality and temporal context. We will be exploring this in

future work.

2.6 Appendix

2.6.1 EPIC-KITCHENS-100: Results on the Test Set

In Table 2.3 of the main paper, we compare to published works on the validation

set of EPIC-KITCHENS-100. Unfortunately, most works do not report on the

leaderboard test set. In Table 2.6, we provide results on the test set comparing our

model to baselines from [Damen et al. 2022], as well as Ego-Exo [Yanghao Li et al.

2021] that distills knowledge from a much larger training set. MTCN outperforms

all other methods, including the competitive method of [Yanghao Li et al. 2021],

showcasing that multimodal temporal context from consecutive actions is more

beneficial than pretraining large models (ResNet101) using egocentric signals from

third-person datasets.

2.6.2 EPIC-KITCHENS-55 Results

We also compare our model to works that report on the earlier version of this

dataset, namely EPIC-KITCHENS-55 [Damen et al. 2018] in Table 2.7. We report
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Top-1 Accuracy (%) Top-5 Accuracy (%)

LM Verb Noun Action Verb Noun Action

✗ 70.26 ± 0.27 55.70 ± 0.22 44.90 ± 0.20 91.12 ± 0.13 79.03 ± 0.18 64.79 ± 0.17
✓ 70.52 ± 0.25 56.08 ± 0.21 45.25 ± 0.18 91.13 ± 0.13 79.03 ± 0.18 64.58 ± 0.18

Table 2.8: Mean and standard deviation of multiple runs both w. & w/o language
model in the validation set of EPIC-KITCHENS-100.

Overall Unseen Participants Tail-classes

Top-1 Accuracy (%) Top-5 Accuracy (%) Top-1 Accuracy (%) Top-1 Accuracy (%)

Model Verb Noun Action Verb Noun Action Verb Noun Action Verb Noun Action

No LM 70.23 55.82 45.00 91.13 79.06 64.58 63.29 46.38 35.02 41.76 32.26 24.41

N-gram 70.23 55.84 45.02 91.13 79.06 64.49 63.29 46.38 35.02 41.76 32.26 24.41
BiLSTM 70.57 55.97 45.09 91.14 79.06 64.55 63.29 46.76 35.31 40.68 32.47 24.15
Transformer enc. (proposed) 70.60 56.26 45.48 91.14 79.06 63.06 63.76 47.14 35.87 41.36 32.84 24.70

Table 2.9: Performance of MTCN in the validation set of EPIC-KITCHENS-100
using different language models.

results for the Seen split (S1). We opted to include these in the appendix to avoid

confusion in the main paper as the results are not comparable across these two

dataset versions. We compare MTCN with two audio-visual approaches [W. Wang

et al. 2020] and [Xiao et al. 2020], as well as [C.-Y. Wu et al. 2019] which was one

of the first works to utilise temporal context. We also report the performance of

[Yanghao Li et al. 2021] which evaluates their method on both EPIC-KITCHENS-

55 and EPIC-KITCHENS-100. Our MTCN outperforms all approaches.

2.6.3 Language model analysis and baselines

In this section, we assess the statistical significance of our language model and

compare the performance of our MTCN to variants using baseline language models.

All the experiments in this section as well as in Section 2.6.4 and Section 2.6.5 and

the visualisations in Section 2.6.8 are performed on the validation set of EPIC-

KITCHENS-100 and using the SlowFast visual features.

Statistical significance of LM. We train 10 audio-visual transformers and 10

corresponding language models with different random seeds. Table 2.8 shows the

mean and standard deviation top-1 and top-5 accuracy without and with the

language model. Utilising the language model improves performance on average

with a low std, demonstrating that the improvement from the language model is

statistically significant. We further showcase that by conducting T-tests on verb,

noun and action top-1 accuracies, obtaining a p-value of 3.6e−2, 6.0e−4, 9.7e−4,

respectively.
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Baselines comparison. We compare our MTCN that uses a transformer based

language model to two baselines, N-gram and Bi-directional LSTM (BiLSTM).

For N-gram, we follow a similar procedure to natural language processing. In

particular, from all action sequences of length 9 in the training set, we derive the

heuristic probability of occurrence of the centre action given the preceding and

succeeding actions. We train a BiLSTM with 3 layers and a hidden size of 512.

The rest hyperparameters are the same as the transformer encoder.

Results are shown in Table 2.9. It turns out that only a few preceding-succeeding

action sequences in the training set also appear in the validation set, resulting in no

difference in performance when N-gram is added comparing to not using a language

model. Our transformer-based Masked Language Model (MLM) outperforms both

the N-gram and BiLSTM, showcasing that it is beneficial to use a deep neural

network language model over a heuristic prior and that MLM with transformers

outperforms recurrent architectures in this problem.

2.6.4 Online recognition

The focus of this work is to leverage both past and future context to predict an

action. In this section however, we explore the performance of our model in online

recognition, i.e. using only the preceding actions as context to predict the current

action. This approach can be used to recognise actions in an online fashion for

streaming videos. For this setting, we train the audio-visual transformer to predict

the last action in the sequence. We do not train a new language model for this

task; we simply mask and predict the last action in the sequence instead of the

centre one.

Results are demonstrated in Table 2.10 by varying w. Our model can also utilise

temporal context in this setting, as performance improves for w > 1 with optimal

top-1 accuracy at w = 7 and optimal accuracy on tail-classes at w = 9. Compared

to our original proposal that utilises also future context (see Table 2.1 on main

paper), the overall performance degrades, indicating that leveraging future context

is beneficial.
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Overall Unseen Participants Tail-classes

Top-1 Accuracy (%) Top-5 Accuracy (%) Top-1 Accuracy (%) Top-1 Accuracy (%)

w Verb Noun Action Verb Noun Action Verb Noun Action Verb Noun Action

1 67.93 52.29 41.30 90.53 76.47 61.52 61.13 44.60 32.58 42.05 27.42 21.48
3 68.42 54.15 42.59 91.20 78.52 61.10 61.69 44.41 32.11 40.11 31.26 22.58
5 68.58 54.04 42.75 90.96 78.27 62.04 59.81 43.94 32.11 39.49 31.11 22.48
7 68.88 54.31 42.96 90.89 77.87 62.39 61.41 43.38 32.02 40.51 32.00 23.61
9 68.77 54.28 42.77 90.66 77.72 62.44 60.38 45.07 31.83 40.80 32.68 23.86
11 67.83 54.04 42.13 90.63 78.85 62.10 57.46 43.94 31.46 36.88 30.74 21.96

Table 2.10: Online action recognition results by varying temporal context length
in the validation set of EPIC-KITCHENS-100.

Overall Unseen Participants Tail-classes

Top-1 Accuracy (%) Top-5 Accuracy (%) Top-1 Accuracy (%) Top-1 Accuracy (%)

Layers Shared Verb Noun Action Verb Noun Action Verb Noun Action Verb Noun Action

1 - 69.58 55.04 43.71 91.27 79.02 63.96 61.03 46.01 33.33 42.10 32.42 24.09

2 ✗ 69.49 55.41 43.94 91.13 78.96 63.86 62.72 46.57 34.37 41.42 32.32 23.90
4 ✗ 71.01 56.55 46.04 90.98 79.28 63.97 62.35 47.61 35.96 39.94 31.89 24.22
6 ✗ 69.58 55.68 44.89 90.28 78.17 63.37 61.31 45.63 34.46 38.75 32.21 23.90

2 ✓ 69.82 55.37 43.81 91.09 78.97 64.26 61.50 44.32 32.68 42.05 32.58 23.74
4 ✓ 70.60 56.26 45.48 91.14 79.06 63.06 63.76 47.14 35.87 41.36 32.84 24.70
6 ✓ 69.58 55.68 44.89 90.28 78.17 63.37 61.31 45.63 34.46 38.75 32.21 23.90

Table 2.11: Analysis of performance using different number of layers, both w. and
w/o weight sharing. Results are shown in the validation set of EPIC-KITCHENS-
100.

2.6.5 Architecture ablations

In Table 2.11, we explore different number of layers in MTCN, both without and

with (layer-wise) weight sharing, and compare each case with a single layer. Note

that we use the same number of layers and sharing strategy for both AV and

LM. We use bold to indicate best performance within each group rather than

overall. Best results are obtained using four layers in most metrics, both without

& with weight sharing. These outperform a single layer, demonstrating that is

beneficial to use a multi-layered transformer. Although MTCN without weight

sharing performs slightly better, our proposed model has 2.7× less parameters

with only a minor drop in performance.

In Table 2.12, we compare the effect of different types of positional encodings. Par-

ticularly, we replace our chosen absolute learnt positional encoding with relative

positional encodings [Shaw et al. 2018] and Fourier feature positional encodings

[Jaegle et al. 2021]. Fourier feature positional encodings replace our learnable

absolute positional encodings with non-learnable ones represented as a vector of

log-linearly spaced frequency bands up to a maximum frequency. Relative po-
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Overall Unseen Participants Tail-classes

Top-1 Accuracy (%) Top-5 Accuracy (%) Top-1 Accuracy (%) Top-1 Accuracy (%)

Pos. enc. Verb Noun Action Verb Noun Action Verb Noun Action Verb Noun Action

Fourier PE 69.60 56.13 44.63 90.65 78.86 63.31 63.29 45.63 35.12 38.86 32.53 23.09
Relative PE 70.32 56.30 45.37 91.01 79.35 64.04 61.41 46.67 33.99 41.42 33.74 24.96
Absolute PE (Proposed) 70.60 56.26 45.48 91.14 79.06 63.06 63.76 47.14 35.87 41.36 32.84 24.70

Table 2.12: Comparison of different positional encodings (PE) using the validation
set of EPIC-KITCHENS-100.

sitional encodings replace our absolute positional encodings of the inputs, with

positional encodings representing distances between tokens and placed within the

self-attention layers. As shown in the table our proposed absolute learnable po-

sitional encodings outperform Fourier feature positional encodings in all metrics

(except top-5 action accuracy). Comparing to relative positional encodings, our

positional encodings are slightly better in top-1 verbs and actions, as well as in

unseen participants, while relative positional encodings perform slightly better in

top-5 accuracy and tail classes. Overall, there are no notable differences between

the different choices of positional encodings.

2.6.6 EGTEA Implementation Details

Visual features. For EGTEA, we train SlowFast [Feichtenhofer et al. 2019]

using the EPIC-KITCHENS pre-trained model, by sampling a clip of 2s from

an action segment similar to EPIC-KITCHENS. We use a learning rate of 0.001,

no warm-up, and we keep the batch normalisation layers frozen. All unspecified

hyperparameters remain unchanged. For feature extraction, we follow the same

procedure as EPIC-KITCHENS, except that we use clips of 2s rather than 1s.

Train/Val Details. Here, we discuss differences in the architecture for train-

ing/evaluating EGTEA. Remember that for EGTEA we train only vision and

language as EGTEA does not contain audio. First, as there is no audio input

to the transformer, we do not use modality encodings either. Second, following

previous methods [Yin Li et al. 2018; Min and Corso 2021; M. Lu et al. 2019; Sud-

hakaran and Lanz 2018; Sudhakaran et al. 2019; Y. Huang et al. 2020] that train

using a single head for actions and report only action accuracy, we use a single

summary embedding for actions, rather than verb/noun embeddings. Accordingly,

the language model utilises a single word-embedding for actions, with a dimension

of 512. For training the visual-only transformer, we use a learning rate of 0.001,
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Visual Visual + LM

w Top-1(%) Mean Class (%) Top-1(%) Mean Class (%)

1 72.26 64.98 72.26 64.98
3 72.55 64.86 73.59 65.87
5 73.10 65.42 73.49 65.57
7 72.26 64.38 73.19 65.31
9 72.55 64.86 73.44 66.02

Table 2.13: Ablation of temporal context extent and language model in the first
test split of EGTEA.

train the model for 50 epochs and decay the learning rate at epochs 25 and 38,

while keeping all other hyperparameters unchanged. We use same hyperparame-

ters for the language model. For evaluation, differently than EPIC-KITCHENS,

we average the predictions of the 10 clips per action, rather than feeding all 10

clips in the transformer.

2.6.7 Ablation of temporal context and language model in

EGTEA

We study the effect of the temporal context length both with and without the

language model on the first test split of EGTEA. Results are shown in Table 2.13.

For the visual only model, top-1 accuracy increases when we increase the length

of temporal context from w = 1 to 5, and optimal results for both top-1 and mean

class accuracy are obtained for w = 5. When the language model is incorporated

top-1 accuracy increases from w = 1 to 3 and then decreases while best mean class

accuracy is obtained at w = 9. These findings showcase that our model successfully

utilises context in this dataset as well. The language model is helpful for EGTEA,

and provides a bigger boost in performance than EPIC-KITCHENS, possibly due

to the absence of audio modality. Finally, it is worth noting that after the addition

of the language model best performance is obtained at a shorter temporal context,

showing that shorter sequences of actions provide a stronger prior in this dataset.

2.6.8 Attention Visualisation

In Fig. 2.5, we show additional qualitative examples, similar to Fig. 2.4 in the

main paper. These demonstrate how our model attends to temporal context. In

the first three examples, the model predicts the centre action correctly, while in
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Figure 2.5: Additional qualitative results of attention weights along with the pre-
dictions of our model. Green and purple edges represent attention to visual and
auditory tokens, respectively, from the noun summary embedding. Thickness in-
dicates attention weights magnitude to centre (bordered) and temporal context
actions.

the last one it gives incorrect predictions. In the ‘wash chopping board’ example,

the model particularly attends to actions containing the chopping board. For

‘open cupboard’, the model has high audio-visual attention to the centre action,

and high attention to the audio of the previous action (‘insert coffee maker’),

showing that at times audio provides useful temporal context. The importance

of audio is also apparent in the third example. A source of error in the model

results from confusing the centre action with another action in the sequence; in

the fourth example ‘close dishwasher’ is predicted as ‘take chopping board’ which
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corresponds to the first and last actions in the temporal context.
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CHAPTER 3. TIM: A TIME INTERVAL MACHINE FOR AUDIO-VISUAL ACTION
RECOGNITION

Chapter 3

TIM: A Time Interval Machine for

Audio-Visual Action Recognition

The paper has been accepted for publication at the IEEE/CVF Conference on

Computer Vision and Pattern Recognition (CVPR), 2024.
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RECOGNITION

TIM: A Time Interval Machine for Audio-Visual

Action Recognition

Jacob Chalk1∗ Jaesung Huh2∗ Evangelos Kazakos3

Andrew Zisserman2 Dima Damen1

1University of Bristol 2VGG, University of Oxford
3 Czech Technical University in Prague

Abstract

Diverse actions give rise to rich audio-visual signals in long videos. Re-

cent works showcase that the two modalities of audio and video exhibit

different temporal extents of events and distinct labels. We address the in-

terplay between the two modalities in long videos by explicitly modelling the

temporal extents of audio and visual events. We propose the Time Interval

Machine (TIM) where a modality-specific time interval poses as a query to

a transformer encoder that ingests a long video input. The encoder then

attends to the specified interval, as well as the surrounding context in both

modalities, in order to recognise the ongoing action.

We test TIM on three long audio-visual video datasets: EPIC-KITCHENS,

Perception Test, and AVE, reporting state-of-the-art (SOTA) for recogni-

tion. On EPIC-KITCHENS, we beat previous SOTA that utilises LLMs

and significantly larger pre-training by 2.9% top-1 action recognition ac-

curacy. Additionally, we show that TIM can be adapted for action detec-

tion, using dense multi-scale interval queries, outperforming SOTA on EPIC-

KITCHENS-100 for most metrics, and showing strong performance on the

Perception Test. Our ablations show the critical role of integrating the two

modalities and modelling their time intervals in achieving this performance.

Code and models at: https://github.com/JacobChalk/TIM.

∗Equal technical contribution.
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Figure 3.1: Time Interval Machine (TIM): Top: Given a visual and auditory
stream input, the ongoing action in a particular time interval is determined by a
query specifying the start and end time of the interval, along with the modality of
interest. Bottom: TIM can query for visual (e.g. ‘Rinse Sponge’) and auditory
(e.g. ‘Water’) action classes, as well as distinguish between overlapping actions
within the same modality (‘Glass Collision’ and ‘Scrub / Scrape’).

3.1 Introduction

Long videos exhibit a quick succession of auditory and visual events. The latest

attempts to annotate events in these modalities separately [Huh et al. 2023; Pa-

traucean et al. 2024], showcase that both the temporal extents and class labels

differ between the two. However, these events still remain correlated – identifying

temporally close events in both modalities can improve recognition of actions in

both visual and audio.

Furthermore, most methods to date typically only utilise the exact temporal extent

of an action; a precise, trimmed clip of the action is fed into a convolutional [Limin

Wang et al. 2016; Carreira and Zisserman 2017; Feichtenhofer et al. 2019] or

transformer-based [Arnab et al. 2021; Girdhar et al. 2022; Z. Liu et al. 2022]

backbone, which predicts the action taking place. Even when the surrounding

context is utilised to improve action recognition [C.-Y. Wu et al. 2019; Sener et al.

2020; Kazakos et al. 2021a], again, this context is supplied in the form of exact

clips of neighbouring actions, rather than the untrimmed long input video.

In this paper, we propose an approach that encodes multiple events that occur

in both visual and auditory streams of a long video input. We achieve this by

elevating time intervals to first-class citizens, utilising them to specify a query
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within an accompanying modality. We term this mechanism a Time Interval

Machine (TIM). It can output the actions that occur within the queried intervals

of the queried modalities.

This approach has the following benefits:

• TIM is able to receive a long video input, and utilises the temporal context

of the video.

• TIM can distinguish between different, potentially overlapping, events within

the same input by querying the time interval of a particular event within a

given modality.

• TIM can be trained with a large-scale pre-training dataset, since we can chop

the random video clips within the dataset and use the same interval for all

modalities.

Consider the example in Fig. 3.1. The input contains the sound of water running

while a sponge is being rinsed, which is then used to wipe a surface. These dis-

tinct events may vary significantly in duration and may be more prominent in the

audio or visual modality. Despite differences between these events, there are likely

many correlations between them and the surrounding context, which may be ben-

eficial to recognising a given event (e.g. the sound of water is relevant to rinsing

a sponge, providing useful information for recognising the visual action). TIM is

able to exploit this by accessing the context within both modalities, including the

background when no events occur.

We test TIM on three challenging audio-visual recognition datasets consisting

of long videos: EPIC-KITCHENS [Damen et al. 2022], which recently offered dis-

tinct audio annotations through EPIC-SOUNDS [Huh et al. 2023], the Perception

Test [Patraucean et al. 2024], and AVE [Tian et al. 2018]. We show that TIM can

effectively learn both visual and auditory classes within a long input, outperform-

ing the current SOTA top-1 accuracy on EPIC-KITCHENS by 2.9% and 1.4%

on EPIC-SOUNDS, despite competing methods for the former using far larger

pre-training datasets, large language models or higher resolution input. We also

outperform models pre-trained with public datasets on AVE by 0.6% and improve

over a strong baseline on the Perception Test in visual and audio action recognition

by 9.9% and 3.2% respectively.
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Additionally, we adapt TIM to action detection, through fixed multi-scale dense

querying with an added interval regression loss. We report strong detection re-

sults on EPIC-KITCHENS and the Perception Test, outperforming Action For-

mer [C.-L. Zhang et al. 2022] by 1.6 and 4.3 mAP respectively.

Our contributions are summarised as: (i) we propose the TIM query mechanism

for attending to modality-specific intervals in long videos. (ii) we efficiently train

TIM to encode/query multiple audio-visual actions using time intervals. (iii) we

showcase the value of TIM for both visual and auditory action recognition, and

adapt it for detection with an added interval regression loss. (iv) we achieve new

SOTA in both video and multi-modal recognition on multiple datasets.

3.2 Related Works

Audio-visual action recognition. A number of works have employed audio and

visual modalities for action recognition [Xiao et al. 2020; Gao et al. 2020; Nagrani

et al. 2021; W. Wang et al. 2020; Kazakos et al. 2019; Kazakos et al. 2021a].

Some introduce new architectures to effectively fuse modalities [Kazakos et al.

2019; Xiao et al. 2020; Nagrani et al. 2021; Kazakos et al. 2021a]; others propose

unique training techniques to solve problems occurring while training multi-modal

models, such as Gradient Blending [W. Wang et al. 2020], to tackle overfitting at

different speeds for each modality, or contrastive learning for cross-modal discrim-

ination [Morgado et al. 2021]. However, these works use the same set of semantic

and temporal labels for both modalities. Recent works have shown that both the

temporal intervals and semantics of events differ between modalities [Huh et al.

2023; Patraucean et al. 2024]. [Tian et al. 2020] temporally annotates visual and

auditory events independently, although they share the same set of labels. In this

work, we train with distinct labels for each modality to leverage discriminative

audio and visual actions.

Leveraging temporal context. Several works have considered incorporating

temporal context [Ng and Fernando 2019; C. Zhang et al. 2021; C.-Y. Wu et

al. 2019; C.-Y. Wu et al. 2022; Kazakos et al. 2021a], a direction orthogonal to

employing multiple modalities and particularly useful in untrimmed videos. An

auto-regressive LSTM-based encoder-decoder is proposed in [Ng and Fernando
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2019] for action sequence classification, effectively leveraging past action context

to predict the current action. The Temporal Query Network [C. Zhang et al.

2021] uses learnable query vectors that correspond to specific attributes of a long

video, allowing the model to attend to the aspects of the video and its surrounding

context to produce a response for each attribute. [C.-Y. Wu et al. 2019] proposes

to enhance the representation of the action by aggregating temporal context from

neighbouring action clips using a Long-Term Feature Bank along with an attention

mechanism. [C.-Y. Wu et al. 2022] crafts a more sophisticated memory bank by

storing keys and values of all the intermediate layers of a transformer to aggregate

the past context. Lastly, [Kazakos et al. 2021a] exploits multi-modal temporal

context from surrounding actions using vision, audio, and language.

[C.-Y. Wu et al. 2022; C.-Y. Wu et al. 2019; Kazakos et al. 2021a] are the closest

to our approach, in that the common goal is to enrich the representation of the

action of interest using surrounding context from the untrimmed video, rather than

neighbouring clips. Nevertheless, [C.-Y. Wu et al. 2022; C.-Y. Wu et al. 2019] are

single modality models, recognising visual actions solely. [Kazakos et al. 2021a]

assumes the temporal extents of all actions are known, including for the test set,

which is restrictive.

Queries in visual models. Learning visual queries with Transformer architec-

tures has gained recent attention [Carion et al. 2020; Locatello et al. 2020; C.

Zhang et al. 2021; Herzig et al. 2022; Jia et al. 2022]. Commonly, approaches

employ a set of learnable vectors that are used to inquire about the presence of a

concept in the input. For example, in [Locatello et al. 2020; Carion et al. 2020] the

learnable queries correspond to different objects, whereas in [Herzig et al. 2022]

they are used for multi-task learning and each learnable query corresponds to a

different task. [Jia et al. 2022] has incorporated learnable queries for adapting

a pre-trained model while keeping the rest of its parameters frozen. Closest to

our motivation is [C. Zhang et al. 2021], where the queries correspond to events

and their attributes for fine-grained action recognition in videos. The authors note

that the queries also have the role of temporally localising the events in untrimmed

videos.

Different from [C. Zhang et al. 2021] and other works, our queries are primarily

temporal with no semantic interpretation and are applied to multiple modalities.
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Figure 3.2: Overview of the Time Interval Machine (TIM). The model
ingests a sequence of audio and visual features from a video, with each feature
time-stamped by the temporal interval it spans, and encoded with its modality.
To infer the action occurring over a temporal interval (a visual or audio event) a
query is formed specifying the interval and modality of interest.

Importantly, since time is continuous, we cannot use a predefined set of queries.

Instead, we employ an MLP architecture to encode time, in a form akin to a

universal clock. We present our approach next.

3.3 Time Interval Machine

In this section, we describe the Time Interval Machine (TIM), a multi-modal

transformer encoder architecture where all inputs, both features and queries, are

encoded with their associated time intervals. A time interval incorporates the

duration and position of each audio and visual feature and is also used to query

the network for any action occurring within the given time interval.

The architecture of TIM is illustrated in Fig. 3.2. It ingests a large video input,

represented as a sequence of audio and visual features, and outputs the ongoing

auditory or visual action label for the provided query time intervals.

3.3.1 Model architecture

Input. The input to TIM is a long crop of the untrimmed video, represented

by extracted features. When considering two modality inputs, such as video and

audio, each modality is embedded separately as follows: for each modality m,

let Xm = [Xm
1 , · · · , Xm

Nm ] be Nm temporally-ordered feature representations of

the input video, obtained from a pre-trained feature extractor Sm(·). We feed
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Figure 3.3: Illustration of the Time Interval MLP I(·). It inputs the two dimen-
sional vector, start and end times of an interval, and produces a single vector,
which can be concatenated along the channel dimension to either input features or
[CLS] tokens. The figure shows three time interval inputs and three corresponding
outputs. Note that in practice, time intervals are ingested simultaneously.

the features through modality-specific embedding layers gm(·), projecting them

to a lower, common dimension D across all modalities. The embedded features1

are then tagged with modality encodings and time interval encodings, forming the

input to the transformer encoder. We now detail how we encode the time intervals.

Encoding Time Intervals. In this work, we introduce a new type of learnt query

network, the Time Interval MLP, which produces a single D-dimensional vector

representing a given time interval. This network is used within TIM to encode the

time intervals of the input features and the time interval we wish to query, and

later classify. Fig. 3.3 illustrates the concept of this network.

The Time Interval MLP I(·) : R2 → RD receives a time interval, represented by

start and end time, and produces a single D-dimensional encoding. Note that this

is distinct from encoding the start and end times separately. Specifically, let ts and

te be the start and end time of an interval of interest, normalised by the length

of the long video input. I(·) receives the interval t̃ = [ts, te] as input, and outputs

a D-dimensional vector encoding of that interval. This vector encodes both the

relative position of the time interval within the input, as well as its duration. This

vector then acts as a query for the model concerning the action taking place within

the interval. Furthermore, each feature {Xm
i } spans a certain time interval within

the input. Thus, it is important to also encode the time intervals of the features.

In summary, the Time Interval MLP acts as an universal clock, which encodes the
1Note that the number of features can differ between modalities
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temporal extent of features, from any modality, within the input. Note that it is

critical that the same Time Interval MLP is used for encoding all time intervals of

the input features and queries across both modalities to accurately encode univer-

sal time. It is also important to note that Time interval MLP can cover continuous

time intervals, whereas traditional positional encoding only covers a fixed set of

positions of the input features. It also enables to query any time interval within

the input, even for overlapping events which is not possible with traditional po-

sitional encoding. The Time Interval MLP is trained end-to-end along with the

transformer.

Transformer Feature Inputs. Let t̃m = [t̃m1 , · · · , t̃mNm ] be the corresponding

time intervals of the video’s features Xm from the modality m. We inject the

encoded time interval I(t̃m) into the embedded features via channel-wise concate-

nation. A learnable modality-specific encoding em ∈ R2D is then summed to the

temporally-encoded features to discriminate between each modality. In summary,

the feature inputs Em for TIM are computed by,

Em
i = [gm(Xm

i ), I(t̃mi )] + em ∀i ∈ [1, ..., Nm] (3.1)

where [·, ·] indicates concatenation.

Transformer Query Inputs. To query for an action within an interval of inter-

est, we adopt a standard approach of appending a learnable classification token to

the input sequence, CLSm. If t̃Q is an interval of interest, we concatenate the time

interval representation I(t̃Q) to this classification token along the channel dimen-

sion, which acts as a query for the network in order to predict the corresponding

action happening within t̃Q. We also add the modality-specific encoding em to

each classification token, as a flag to distinguish between which modality we are

querying. The encoded [CLS]m tokens can be more formally defined as:

[CLS]m = [CLSm, I(t̃Q)] + em (3.2)

During training, we add a classification token for each action within the input

video, resulting in multiple [CLS] tokens across both modalities.

Transformer Encoder. We use a transformer encoder to perform self-attention
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on the input sequence to aggregate relevant temporal context and cross-modal

relations.

We form the transformer input sequence with the encoded feature inputs Em and

one or more classification tokens [CLS]m, representing each time interval query,

and feed these into the encoder. Note that we recognise all actions from any

modality simultaneously by appending multiple CLSm tokens to the input. The

transformer output representation of [CLS]m, namely Zm
CLS, is then passed to the

corresponding linear classifier to predict the action labels.

Importantly, we use an attention mask to prevent queries from attending to one

another, and we similarly prevent input features from attending to queries. This

ensures each query is recognised without the privileged knowledge of any other

query, or action boundary, during inference.

3.3.2 Training and Testing in TIM

To train TIM, we consider all long segments of W seconds and stride Hw across

the entirety of the untrimmed videos. We randomly select batches from these. For

each window, we query all annotated audio and visual actions that overlap with

the window by more than δ = 0.2 seconds.

All queries in the window are encoded and concatenated to separate CLS tokens.

To classify queries, let hm
CLS(·) be a linear classifier for modality m, and let ŷmCLS =

hm(Zm
CLS) be the predicted action of the output representation Zm

CLS. We train TIM

by using a cross-entropy classification loss CE(·) on the ground truth ymCLS by:

Lm =
1

NQ

NQ∑
CE(ŷmCLS, y

m
CLS) (3.3)

where NQ is the number of queries within the batch.

Temporal Distance Loss. In addition to the standard classification loss, we

introduce a Temporal Distance (TD) loss as an auxiliary loss for training TIM.

Inspired by [Y. Liu et al. 2021], where relative patch positions in token embeddings

are learnt using self-supervision, we similarly train the network to take two trans-

former outputs and predict the elapsed time between their corresponding time

intervals.
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Let the Z1:
∑

m Nm be the transformer outputs of the features from all modalities.

We randomly sample a set of feature pairs B ⊂ Z1:
∑

m Nm from these outputs,

concatenate along the channel dimension and feed them to the temporal distance

regression head ht̃(·) : R4D → R1 to predict the time interval difference between

each pair. Note that feature pairs can be sampled both within and across modal-

ities. In our case, we sample across modalities by pairing one visual feature with

another audio feature. This helps the model to learn the temporal relations be-

tween modalities.

Formally, a TD loss Ltd is computed as:

Ltd =
∑

{Zi,Zj}∈B

|ht̃(Zi, Zj)− dij| (3.4)

where dij is the temporal distance between intervals t̃i, t̃j.

Training objective and regime. For our final training loss, we sum the losses

across modalities along with the TD loss:

Ltotal =

(∑
m∈M

λmLm

)
+ λtdLtd (3.5)

where M is a set of modalities, λm controls the strength of each modality’s loss

and λtd is a hyperparameter that controls the strength of the TD loss.

Test-Time Augmentation. We use test-time augmentation, as this generally

increases prediction robustness and performance [Shanmugam et al. 2021; Patrick

et al. 2021]. In TIM, we use a sliding window across the untrimmed video, thus

feeding the same interval query with varying contexts. We then aggregate predic-

tions of the same interval query across windows to make the final prediction.

3.3.3 Adapting for Detection

While primarily designed for recognition, we can adapt TIM for detection. The

backbone remains largely unchanged from recognition, but there are two main

differences. First, we construct dense multi-scale interval queries spanning the

entirety of the video input at each scale. These are used as interval queries in both

training and detection inference. The multi-scale intervals allow for detecting both
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long and short actions. Second, we introduce an additional interval regression head,

which regresses the query interval to the action’s exact temporal duration.

During training, we deem any query in the multi-scale pyramid that overlaps with

a ground truth action by more than some IoU threshold as a positive query. In

addition to classifying the query, we train a DIOU regression loss [Z. Zheng et al.

2020] to predict the exact interval of the action. Both classification and interval

regression losses are trained jointly. We provide full details in the ArXiv appendix.

3.4 Experiments

This section describes the datasets used to evaluate our model, implementation

details and results along with a comparison to the state-of-the-art methods.

3.4.1 Dataset

EPIC-KITCHENS-100 [Damen et al. 2022] is a large-scale video dataset,

including 700 egocentric videos recording actions in kitchens. It consists of 89,977

segments of fine-grained actions. Inspired by prior works [Girdhar et al. 2022;

Sudhakaran et al. 2021; Tai et al. 2022], we directly predict the action out of 3806

classes present in the train and validation set to avoid predicting invalid actions.

EPIC-SOUNDS [Huh et al. 2023] offers audio annotations capturing temporal

extents and class labels within the audio stream of EPIC-KITCHENS-100. The

annotations contain 78,366 labelled audio events. We combine the visual annota-

tions from EPIC-KITCHENS with the audio annotations from EPIC-SOUNDS to

train our audio-visual model. TIM can recognise actions from both datasets using

a single model.

AVE [Tian et al. 2018] contains 4,143 videos covering a range of real-life scenes

and labelled with 27 categories, such as church bell, male speaking and dog barking.

Each video is equally divided into 10 segments, each 1 second in length. We

evaluate TIM on the supervised audio-visual event localisation task. Given a 1

second segment, we recognise the ongoing action out of the 27 categories plus a

background class.

Perception Test [Patraucean et al. 2024] is a recent multimodal video bench-
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mark of 11,620 videos with an average length of 23 seconds, and provides both tem-

poral action and sound annotations. There are 73,503 visual annotations spanning

63 classes, versus 137,128 sound annotations over 16 classes.

3.4.2 Implementation Details

Architectural Details. Visual and audio embedding layers gm consist of a sin-

gle 512-D feed-forward layer, followed by a GELU [Hendrycks and Gimpel 2016]

activation and layer normalisation [Ba et al. 2016] are used to project the features

to a common space. The Time Interval MLP I consists of three linear layers with

512-D hidden dimension, followed by ReLU activations, with layer normalisation

after the output of the last linear layer. We include 512-D learnable [CLS] tokens:

[CLS]maction for each query in each modality which become 1024-D after concatena-

tion with the encoded time interval. They are then summed with 1024-D modality

encodings; em.

The audio-visual transformer contains four encoder layers, each with 8 attention

heads, GELU activations, and 1024-D keys, queries and values. A dropout rate of

p = 0.1 is applied within the encoder layers. We also apply channel-wise dropout

with p = 0.5 directly to the raw input features, as well as to the encoded trans-

former input. The temporal distance head consists of two linear layers with a

hidden dimension of 1024 and a third which outputs a single number correspond-

ing to the elapsed time between each time interval. We include the architectural

ablations on encoder layers and the temporal distance head in the ArXiv appendix.

Training / Validation Details. We train each model for 100 epochs, usin-

gAdamW [Loshchilov and Hutter 2017] with a batch size of 64 and a weight decay

of 1e-4. A linear learning rate warm-up is applied for the first two epochs, starting

from 1e-6 to a target learning rate, and we use a cosine learning rate scheduler.

We set the TD loss weight λtd to 0.3. We pad the queries for each window in the

batch to the maximum number of queries in a single window in each dataset. We

provide implementation details per dataset in the ArXiv appendix.

3.4.3 Results

We compare TIM with SOTA models for each dataset.
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EPIC-KITCHENS / EPIC-SOUNDS Results. We train a single model on

both visual and audio labels of the EPIC-KITCHENS videos, reporting results on

both datasets.

For the visual features, we concatenate Omnivore [Girdhar et al. 2022] and VideoMAE-

L [Tong et al. 2022] features along the channel dimension, forming 2048-D features.

For the audio features, we use Auditory SlowFast [Kazakos et al. 2021b], which

generalises well across diverse audio domains [Luyu Wang et al. 2022]. For both

modalities, we extract 1 second features every 0.2s. For training, we extract addi-

tional augmented feature sets - with RandAugment [Cubuk et al. 2020] for visual

and SpecAugment [D. S. Park et al. 2019] for audio features.

Table 3.1 compares TIM with the SOTA models on EPIC-KITCHENS-100. We

outperform M&M Mix [Xiong et al. 2022] by 5.1% on verb, 0.9% on noun and 3.9%

on action. Compared to our model, both MTV and M&M Mix are trained with

an additional private dataset [Stroud et al. 2020] which contains 194K hours of 70

million videos while we only use the open-source visual backbone pre-trained with

public datasets. We also outperform LaViLa [Y. Zhao et al. 2023] and AVION [Y.

Zhao and Krähenbühl 2023] which leverage pre-trained LLMs to learn video rep-

resentations.

We note that we outperform all prior works, often without additional techniques

that boost performance. For example, we use short-sided cropped 224×224 images

while [Xiong et al. 2022] uses 420×420, which enlarges the spatial resolution of

objects in the egocentric video, enabling better noun recognition. We expect a

further performance boost when implementing any of: higher resolution feature

extractors, additional large-scale pre-training and the introduction of a LLM. We

leave this as an avenue for future work.

Table 3.2 compares TIM against prior results on EPIC-SOUNDS, where TIM

outperforms SOTA by 1.4%.

For detection, we show that TIM can produce competitive results when compared

to models primarily designed for this task in Table 3.3. TIM adapted for detection

outperforms ActionFormer [C.-L. Zhang et al. 2022] by 2.3 mAP on verb and 1.6

mAP on noun using the same set of features. Interestingly, our features outperform

the ActionFormer features by 2.8 mAP on verb and 7.5 mAP on noun when using
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Model xp LLM Verb Noun Action
Visual-only models
MFormer-HR [Patrick et al. 2021] 336p ✗ 67.0 58.5 44.5
MoViNet-A6 [Kondratyuk et al. 2021] 320p ✗ 72.2 57.3 47.7
MeMViT [C.-Y. Wu et al. 2022] 224p ✗ 71.4 60.3 48.4
Omnivore [Girdhar et al. 2022] 224p ✗ 69.5 61.7 49.9
MTV [Yan et al. 2022] 280p ✗ 69.9 63.9 50.5
LaViLa (TSF-L) [Y. Zhao et al. 2023] 224p ✓ 72.0 62.9 51.0
AVION (ViT-L) [Y. Zhao and Krähenbühl 2023] 224p ✓ 73.0 65.4 54.4
TIM (ours) 224p ✗ 76.2 66.4 56.4
Audio-visual models
TBN [Kazakos et al. 2019] 224p ✗ 66.0 47.2 36.7
MBT [Nagrani et al. 2021] 224p ✗ 64.8 58.0 43.4
MTCN [Kazakos et al. 2021a] 336p ✗ 70.7 62.1 49.6
M&M [Xiong et al. 2022] 420p ✗ 72.0 66.3 53.6
TIM (ours) 224p ✗ 77.1 67.2 57.5

Table 3.1: Comparisons to state-of-the-art recognition models on the EPIC-
KITCHENS validation set. We report the top-1 accuracy for verb, noun and
action (%). LLM: large language model is used during pre-training. xp: input
resolution of x× x.

Model SSAST [Yuan Gong et al. 2022] ASF [Kazakos et al. 2021b] DiffSED [Bhosale et al. 2023] TIM (A) TIM (A+V)
Top-1 acc 53.5 53.8 56.9 55.7 58.3

Table 3.2: Comparisons to state-of-the-art sound recognition models on EPIC-
SOUNDS. We report the top-1 accuracy (%) on Val. The performance of SSAST
and ASF are from [Huh et al. 2023].

the same architecture. The original paper uses SlowFast [Feichtenhofer et al. 2019]

features whereas ours use the combination of Omnivore [Girdhar et al. 2022] and

VideoMAE [Tong et al. 2022] features. Omnivore is trained with a mixture of

image and video datasets, resulting in the model focusing on the visual objects.

The original paper already shows a higher boost on noun compared to verb (See

Table 6 in [Girdhar et al. 2022]) resulting in the higher performance of TIM on

noun.

AVE Results. As this dataset contains joint audio-visual labels, we train TIM by

duplicating the query, i.e. using a [CLS] for each modality, and combine their logits

during training and inference. We use the pre-trained publicly available models

from [Tian et al. 2018] for a fair comparison with other works. We also apply

AVGA [Tian et al. 2018] to spatial visual features from VGG-19 before feeding

them to the transformer.

Table 3.4 shows our results on the AVE dataset. Combining audio and video

significantly improves the performance on TIM. The results from [Feng et al. 2023]
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Model V A Average Precision (AP)
Task @0.1 @0.2 @0.3 @0.4 @0.5 Avg.

G-TAD [M. Xu et al. 2020] ✓ ✗
Verb 12.1 11.0 9.4 8.1 6.5 9.4
Noun 11.0 10.0 8.6 7.0 5.4 8.4

ActionFormer [C.-L. Zhang et al. 2022] ✓ ✗
Verb 26.6 25.4 24.2 22.3 19.1 23.5
Noun 25.2 24.1 22.7 20.5 17.0 21.9

ActionFormer - Our Features ✓ ✗
Verb 29.6 28.8 26.9 24.4 21.6 26.3
Noun 34.3 32.6 30.2 27.4 22.6 29.4

TIM ✓ ✓
Verb 32.9 31.6 29.6 27.0 22.2 28.6
Noun 36.4 34.8 32.1 28.7 22.7 31.0

Table 3.3: Comparisons to state-of-the-art detection models on the EPIC-
KITCHENS validation set. We report the average precision at IOU thresholds
[0.1, 0.2, 0.3, 0.4, 0.5] as well as their average across all thresholds on verb, noun.

Model PSP CPSP CSSNet TIM
[Jinxing Zhou et al. 2021] [Jinxing Zhou et al. 2022] [Feng et al. 2023]† V A AV AV⋆

Top-1 acc 77.8 78.6 80.5 62.8 65.5 79.2 79.8

Table 3.4: Top-1 event classification accuracy (%) on AVE Test set. †: no official
code or public model provided to replicate results. We show the models trained
only with publicly available datasets. ⋆: results with Omni+ASF features.

perform best but could not be replicated. We also report TIM using the Omnivore

visual features and Auditory Slowfast features used for EPIC-KITCHENS, which

achieves a 0.6% boost in performance.

Figure 3.4: Qualitative results for all datasets. PRED: Prediction by TIM, TIQ:
Time Interval Queries, V/AGT: Visual/Audio Ground Truth.

Perception Test Results. We use the same backbone for the Omnivore features

and Auditory Slowfast features and train a single model using both the visual and

audio labels. Table 3.5 compares the results on the newly introduced Perception

Test. We train an MLP classifier, with two linear layers and a ReLU activation,

on the features directly as a baseline. We also evaluate on an audio-visual model

that does use context with MTCN. Compared to these methods TIM clearly shows
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Perception Test Action
Model MLP (V) MTCN [Kazakos et al. 2021a](A+V) TIM (V) TIM (A+V)

Top-1 acc 43.7 51.2 56.1 61.1
Perception Test Sound

Model MLP (A) MTCN [Kazakos et al. 2021a](A+V) TIM (A) TIM (A+V)
Top-1 acc 50.6 52.9 54.8 56.1

Table 3.5: Comparisons to trained recognition baselines on the Perception Test
validation split. We show both action and sound recognition and the benefit of
including audio-visual in TIM for both challenges. V : visual and A : audio input
features. MLP is the result by training an MLP classifier with the features directly.

Model Average Precision (AP)
@0.1 @0.2 @0.3 @0.4 @0.5 Avg.

Perception Test Action
ActionFormer [C.-L. Zhang et al. 2022] 27.8 27.6 25.2 23.0 20.0 24.5

TIM 33.5 32.2 29.8 26.4 22.0 28.8
Perception Test Sound

ActionFormer [C.-L. Zhang et al. 2022] 34.7 31.3 27.5 22.7 17.7 26.8
TIM 37.5 33.1 27.9 22.8 17.2 27.7

Table 3.6: Comparisons to strong detection models on the Perception Test valida-
tion set for action and sound localisation. We report the average precision at IOU
thresholds [0.1, 0.2, 0.3, 0.4, 0.5] as well as the average across all thresholds.

significant improvements. Results are improved over MTCN by 9.9% and 3.2% on

visual and audio recognition tasks respectively. We also provide detection results

in Table 3.6. TIM improves over ActionFormer [C.-L. Zhang et al. 2022] by 3.3

average mAP on visual actions and by 0.9 average mAP on sound, when using the

same features.

Cross-Modality in TIM. When referring to our previous results, we see that

including the additional modality provides a performance boost in all cases, high-

lighting TIM’s ability to utilise and distinguish between different modalities. For

example, on EPIC-KITCHENS-100, including audio improves visual action accu-

racy by 0.9%. For EPIC-SOUNDS, the visual modality further improves accuracy

by 2.6%. In the Perception Test, including the audio modality improves visual

recognition by 5.0%, and visual increases sound recognition by 1.3%. Finally, for

AVE, we see a significant improvement, where an audio-visual model increases

accuracy by 13.7% from audio-only.

Qualitative Results. We present qualitative results in Fig. 3.4. We see that in

EPIC-KITCHENS, TIM can competently recognise actions across the two modal-

ities including overlapping queries. Furthermore, we see consecutive actions are

64



Figure 3.5: TSNE plot for time encodings I(·) on all datasets. In each plot, we
use colour maps to indicate encodings of the time interval’s duration (left), start
time (middle) and end time (right).

correctly recognised with varying interval lengths, such as the ‘open / close’ audio

actions between 0.2s and 4.5s. For AVE, TIM is able to distinguish between the

background and a ‘barking’ audio-visual event based on the time interval query.

For the Perception Test, we see that TIM can distinguish between heavily over-

lapping actions across both modalities, such as between ‘break’, ‘human speech’,

‘hit’ and ‘put something’. However, there are also failure cases, such as in EPIC-

KITCHENS when the action ‘take washing up liquid’ is recognised as ‘wash hand’,

as the model is likely confused by the context predominantly associated with the

highly overlapping ‘wash hand’ actions.

3.4.4 Analysing Time Intervals

We showcase the importance of effectively encoding time intervals, as well as how

they differ from alternative strategies. We perform this analysis on the EPIC-

KITCHENS-100 and EPIC-SOUNDS recognition tasks.

Time Encoding Representation. To show TIM encodes time intervals across

all datasets in Fig. 3.5. We use three colour maps on the same TSNE projection

to show three properties of the encoded interval: duration, start time and end

time. Interestingly, the 1D time encoding perfectly captures all three attributes
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Figure 3.6: Attention heatmaps of the second encoder layer for two random 30s
clips in EPIC-KITCHENS. x-axis: input feature time intervals; y-axis query time
intervals of varying position and duration. The attention magnitude relates to the
query CLS token.

and across the datasets. While the encodings differ per dataset, as these differ in

the positions and durations of actions, we see clear similarities in the learnt time

encoding projections. For example, the duration is perfectly captured across the

x-axis of the TSNE plot with lower values indicating longer time intervals.

Interval Query Attention. We plot two attention heatmaps in Fig. 3.6 for 5

separate queries with varying positions and scales in EPIC-KITCHENS-100. We

extract the attention weights from the second transformer encoder layer, as this

appears to be the most relevant to the interval query. The learnt attention clearly

applies to the feature time intervals contained within the query. We note the

similarity between the attention in the two randomly selected windows.

Shifting Intervals. To show how TIM effectively encodes the time interval of

actions, we shift the time interval queries from their correct action interval by -1.5s

to 1.5s, assessing the impact of these adjustments on the performance.

Fig. 3.7 shows the result. We see the performance gradually drops, both in visual

and audio, as the query interval moves away from the correct action interval. The

drop is also symmetric showcasing no bias. Unsurprisingly, the performance drops
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Figure 3.7: The impact of shifting the time interval query on visual performance
(top) and audio performance (bottom), both on short actions (< 2 sec) and long
actions (> 2 sec) and overall validation set (all) for EPIC-KITCHENS-100 and
EPIC-SOUNDS.

EPIC-KITCHENS EPIC-SOUNDS
Encoding Verb Noun Action Audio Actions
Learned 43.8 44.3 29.6 23.7

Sinusoidal 43.8 44.6 30.0 13.4
Centre 74.3 65.8 55.6 56.4

Separate-add 76.0 66.2 56.4 57.7
Interval-add 76.3 66.5 56.9 58.8
Separate-cat 76.8 67.4 57.1 58.4

Interval-cat (proposed) 77.1 67.2 57.5 58.3

Table 3.7: Ablating the choice of encoding time intervals.

significantly when shifting short actions both in video (-57.9%) and audio (-35.2%),

while it is less extreme in long actions (-14.5% and -11.2%). We assess the impact

of scaling the time interval in the ArXiv appendix.

Time Interval Encodings. The Time Interval MLP encodes the interval of the

query. Here, we compare this to traditional positional encodings, both sinusoidal

and learned. We also experiment on five different variations of the Time Interval

MLP, namely: (i) Centre – we only encode the centre timestamp of the interval;

(ii) Separate-Add/Cat – we encode the intervals’ start and end time separately

and add the encoded output vectors together, or concatenate along the channel
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dimension; and (iii) Interval-Add/Cat – we encode the start and end time within

the same vector and add, or concatenate, the encoded output to the input sequence.

We show the results in Table 3.7. In all cases, the final encoding is of the same di-

mension for comparable results. Performance is significantly worse with sinusoidal

or learned positional encoding, as they are unable to capture the complexity of

overlapping actions. There is also a drop when encoding only the centre of the

time interval.

Separate-Add/Cat are alternative ways to encode the intervals (and hence include

duration information) resulting in comparable performance to the interval coun-

terparts. Our proposed approach to encoding the interval into the MLP shows the

best performance for visual and while maintaining strong auditory performance.

3.5 Conclusions

In this paper, we propose to utilise the action’s time interval as a query to an

audio-visual transformer which learns to recognise the action from its interval

and the unaltered surrounding context. We jointly train the model on modality-

specific time intervals and label sets, allowing the Time Interval Machine (TIM)

to recognise multiple events across both visual and auditory modalities.

TIM is sensitive to the interval’s position and duration. This allows the model,

as is, to produce competitive results on action detection through multi-scale dense

querying.

3.6 Appendix

3.6.1 Further analysis of time intervals – scaling

We show the effect of shifting the time interval queries from their correct action

interval in Section 3.4.4 (Fig. 3.7). In Fig. 3.8, we show the analogous figure as

we vary the effect of scaling a centralised query from the ground truth. Similar

to shifting, we also demonstrate a decrease in performance when scaling a query.

Performance drops from 57.5% to 54.9% when contracting, and to 55.3% when

expanding the query in visual queries. In audio, we see a drop from 58.3% to
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Figure 3.8: The impact of scaling a query centered around the action on both
visual and audio performance. A shift of 0.0 sec, or a 1x scale, means querying
with original time interval. Both visual and audio performance fall gradually as
the query moves away from the original time interval.

56.5% when contracting, and to 56.3% when expanding the query.

Both Fig. 3.7 and Fig. 3.8 combined showcase the ability of TIM to correctly

model the time interval of actions. The performance drops steadily, yet smoothly,

as queries are changed from the ground truth – whether shifted or scaled.

3.6.2 Test Set Results

In this section we showcase TIM’s results on multiple challenges and test sets

across EPIC, namely EPIC-KITCHENS-100 recognition, EPIC-Sounds recogni-

tion, EPIC-KITCHENS-100 detection and EPIC-Sounds detection.

EPIC-KITCHENS-100 Test Set

In the main paper, TIM is evaluated on the EPIC-KITCHENS-100 validation set,

as most state-of-the-art results only report on the validation set, and thus we do
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the same for a direct comparison. Here, we evaluate the same model on the test

set, by submitting to the leaderboards.

We report the results of our best performing model in Table 3.8. We ensemble

six TIM models with input window lengths W = 15, 30, 36, 40, 45, 60 seconds with

weights [1.0, 0.9, 0.9, 0.9, 0.9, 0.9] respectively. All other parameters/architecture

details remain unchanged. Our model achieves SOTA action performance (which

ranks the winners) as well as verb performance. TIM remains behind SOTA on

noun performance by 0.6%. We also report a single model TIM, without en-

sembling, and show this is competitive with winners from previous years despite

using only a single model. We showcase the submission ranked top on the test set

leaderboard in Fig. 3.9.

We also provide results for detection in Table 3.9. Note that this challenge also

requires action predictions i.e. a combination of a verb prediction and noun predic-

tion. To achieve this, we combine the predictions of each query from our verb and

noun model, resulting in a two-stream architecture. We then follow [C.-L. Zhang

et al. 2022] and re-weight the confidence and action boundaries of each proposal

by:

p(action) = p(verb)α p(noun)(1−α),

d(action) = ωd(verb) + (1− ω)d(noun)
(3.6)

where α = 0.45 and ω = p(verb)/(p(verb) + p(noun)). We can see that TIM

sets a new SOTA in noun and action detection by 3.1 and 1.7 mAP respectively,

only falling slightly behind on verb. For this method we ensemble 6 models using

context windows W = 15, 30, 45 for both verb and noun streams. Evidence of our

new SOTA method is shown in Fig. 3.10.

EPIC-Sounds Test Set

Here, we evaluate TIM on the test set by submitting to leaderboards. Again,

we showcase results for both single and ensemble models in Table 3.10, using

the same configuration described previously in the EPIC-KITCHENS-100 Action

Recognition Challenge. Our model achieves SOTA performance across all metrics.
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Method Ensemble Verb Noun Action
ctai ✓ 69.4 63.3 50.0
hrgdscs ✓ 71.0 61.3 50.4
Jaesung ✓ 70.6 63.9 52.3
xxiong ✓ 70.9 66.2 52.8
TIM (ours) ✗ 73.1 64.1 53.0
yzhao ✓ 71.7 65.8 54.3
TIM (ours) ✓ 73.8 65.6 54.5

Table 3.8: Comparisons to state-of-the-art recognition models on EPIC-
KITCHENS test set. We report the top-1 accuracy for verb, noun and action
(%).

Figure 3.9: Screenshot of the EPIC-KITCHENS Action Recognition leaderboard
(March 2024) showcasing our TIM_method ranked top.

Our single model does not perform quite as well as the visual counterpart in top-1

accuracy, but still outperforms all other methods with regards to mean average

precision and per-class accuracy. It is also worth noting that the model selection

was visually biased i.e. we chose the best performing visual model, instead of

audio. Again, we showcase the submission ranked top on the test set leaderboard

in Fig. 3.11.

We also provide detection results in Table 3.11, where we convincingly outperform

the ActionFormer baseline across all metrics, notably by 4.2 mAP, setting a new

Figure 3.10: Screenshot of the EPIC-KITCHENS Action detecion leaderboard
(April 2024) showcasing our TIM_method ranked top.
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Method Average Precision (AP)
Task @0.1 @0.2 @0.3 @0.4 @0.5 Avg.

lijun
Verb 30.7 29.4 26.8 24.3 20.5 26.4
Noun 31.0 29.4 26.8 23.3 18.8 25.8
Action 24.6 23.5 21.9 19.7 16.7 21.3

mzs
Verb 31.1 28.0 26.5 25.4 22.3 27.3
Noun 30.3 28.8 27.2 24.3 20.7 26.3
Action 25.5 24.5 23.2 21.0 18.4 22.5

TIM
Verb 32.1 30.0 27.8 25.2 20.4 27.1
Noun 34.9 33.0 30.6 26.6 21.8 29.4
Action 28.1 26.7 25.0 22.3 18.9 24.2

Table 3.9: Comparisons to state-of-the-art visual action detection models on the
EPIC-KITCHENS test set. We report the average precision at IOU thresholds
[0.1, 0.2, 0.3, 0.4, 0.5] as well as their average across all thresholds on verb, noun
and action.

Method Ensemble Top-1 Acc. PCA mAP
TIM (ours) ✗ 54.9 22.8 31.9
Yuqi_Li ✓ 55.1 21.0 26.2
audi666 ✗ 55.1 21.1 26.0
stevenlau ✗ 55.4 21.8 27.0
TIM (ours) ✓ 55.9 23.0 32.2

Table 3.10: Comparisons to state-of-the-art audio recognition models on EPIC-
Sounds test set. We report the top-1 accuracy for audio interactions, along with
the per-class accuracy (PCA) and mean average precision (mAP).

SOTA in this challenge.

3.6.3 Ablation studies

This section contains ablation studies on the proposed TIM architecture in various

aspects and loss functions. We perform all ablations on the EPIC-KITCHENS

(visual action recognition) and EPIC-SOUNDS (audio actions recognition). In all

tables, we highlight our main reported results in grey.

Number of encoder layers. Here, we ablate the number of transformer encoder

layers in TIM, varying from 1 to 6, on the performance. Other hyperparameters

and model configuration remain fixed, as described in our main paper. Table 3.12

shows the result.

The best visual action performance is obtained by using four layers, while verb

and noun performance is comparable to the models with only three layers. In-

terestingly, audio performance is best when using three layers. This is likely due
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Figure 3.11: Screenshot of the EPIC-Sounds Audio-Based Interaction Recognition
leaderboard (April 2024) showcasing our TIM_method ranked top.

Method Average Precision (AP)
@0.1 @0.2 @0.3 @0.4 @0.5 Avg.

ActionFormer Baseline 9.6 8.5 7.4 6.2 5.1 7.4
TIM 15.7 13.3 11.4 9.3 7.3 11.4

Table 3.11: Comparisons to state-of-the-art audio detection models on the
EPIC-Sounds test set. We report the average precision at IOU thresholds
[0.1, 0.2, 0.3, 0.4, 0.5] as well as their average across all thresholds.

to overfitting of the audio input compared to the visual. It is well known that

multimodal training is susceptible to differences between the two modalities [W.

Wang et al. 2020]. However, our training regime remains relatively stable between

the two modalities. The difference between the top performance audio (3 layer)

and our reported results (4 layers) is only 1.0%.

Number of transformer heads. We also ablate the number of transformer

heads. We experiment with 2, 4, 8 and 16, keeping other hyperparameters fixed.

Table 3.13 shows the results of this ablation.

Peak visual and audio performance is obtained when using 8 heads. This is the

performance we report in the main paper. Interestingly, changing the number of

Figure 3.12: Screenshot of the EPIC-Sounds Audio-Based Interaction Detection
leaderboard (April 2024) showcasing our TIM_method ranked top.
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EPIC-KITCHENS EPIC-SOUNDS
Depth Verb Noun Action Audio Actions
1 Layer 75.8 65.0 55.4 58.4
2 Layers 76.5 66.2 56.5 58.4
3 Layers 77.0 66.9 57.2 59.3
4 Layers 77.1 67.2 57.5 58.3
5 Layers 76.6 66.7 56.9 58.2
6 Layers 76.9 66.6 57.0 57.5

Table 3.12: Effect of changing the number of transformer encoder layers. Number
of transformer head is fixed to 16. The highlighted row is the performance we
report in the main paper.

EPIC-KITCHENS EPIC-SOUNDS
# Head Verb Noun Action Audio Actions

2 77.0 65.9 56.6 58.3
4 76.7 66.7 56.9 57.9
8 77.1 67.2 57.5 58.3
16 77.0 67.2 57.1 58.1

Table 3.13: Effect of changing the number of heads in transformer. Number of
transformer layer is fixed to 4. The highlighted row is the performance we report
in the main paper.

heads has a comparable impact on performance to that when changing the number

of layers reported in Table 3.12.

Temporal distance regression head architecture. We also ablate the struc-

ture of the Temporal distance regression head ht̃ in Eq. (3.4), by varying the

number of layers from 1 to 4. Results are shown in Table 3.14. The results are

similar across all depths, but we find using 3 layers gives the best compromise

across all metrics and these are the results we report in the paper.

Input length and feature density. We set W ≥ 10 seconds. These long

segments from untrimmed videos are complex and contain multiple overlapping

actions. For example in EPIC-KITCHENS-100, a 30 second window contains on

average 16 audio-visual annotated events with a maximum of 81 queries in the

training set. Additionally, 28.1% of all actions overlap.

Table 3.15 shows the effect of changing the input visual and audio features for

TIM. We experiment with the window size W , which is affected by the number of

features within the window (Nm) and the stride between the features (Hf ). We

also experiment with the window stride (Hw) which affects how many windows
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EPIC-KITCHENS EPIC-SOUNDS
Depth Verb Noun Action Audio Actions
1 Layer 77.0 66.8 57.3 58.1
2 Layers 77.2 66.9 56.9 58.4
3 Layers 77.1 67.2 57.5 58.3
4 Layers 76.8 66.9 57.5 58.7

Table 3.14: Effect of temporal distance head structure. The highlighted row is the
performance we report in the main paper.

fit within an entire untrimmed video, and hence the extent of the temporal con-

text around a given action. We separate the table into 4 sections, separated by

horizontal lines, to showcase different variations.

First we ablate on the number of features, while keeping the feature hop size

constant. Increasing the number of features will increase the window size. We

see that using 50 features with a stride of 0.6 seconds works best, resulting in a

window size of 30 seconds. This time frame likely provides enough relevant context

to the action without injecting redundant information through additional features

too distant from the action.

We then ablate the feature stride while keeping the number of features constant.

In this case, a larger hop size results in a larger input window. We see that a

stride of 0.6 seconds, resulting in a 30 second window, performs the best. This

outperforms a 30 second window with 75 features with stride 0.4 seconds, as the

sparser sampling likely removes redundant information.

We also experiment with the feature density, by fixing the window size to 30 sec-

onds, but varying both the number of features and the feature stride. In this case,

we see that our proposed feature density of Nm = 50 performs best. Increasing

the number of features increases redundancy, whereas a sparser number does not

benefit from sufficient neighbouring context.

Finally, we experiment on the stride of the input window. A smaller stride results

in increased overlap between the input features. Compared to the stride of 1.0,

used in our results, an increased stride clearly drops visual performance.

Time Interval MLP structure. We also ablate the structure of the Time

Interval MLP I(.). We experiment with varying the number of linear layers. As

shown in Table 3.16, TIM seems to favour a depth of 3 within the Time Interval
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EPIC-KITCHENS EPIC-SOUNDS
W Nm Hf Hw Verb Noun Action Audio Actions
15.0 25 0.6 1.0 76.8 67.0 57.3 59.0
45.0 75 0.6 1.0 76.6 67.1 57.0 57.4
60.0 100 0.6 1.0 76.5 66.8 57.1 57.3
10.0 50 0.2 1.0 76.2 66.1 55.9 58.4
20.0 50 0.4 1.0 76.7 66.7 56.8 58.7
30.0 50 0.6 1.0 77.1 67.2 57.5 58.3
40.0 50 0.8 1.0 76.5 66.8 56.8 58.0
50.0 50 1.0 1.0 75.5 65.9 56.2 56.5
30.0 25 1.2 1.0 76.5 66.1 56.4 57.3
30.0 75 0.4 1.0 76.8 66.5 57.3 58.0
30.0 50 0.6 2.0 76.7 66.8 57.2 58.7
30.0 50 0.6 5.0 76.4 66.1 56.4 58.6
30.0 50 0.6 10.0 75.5 65.4 55.6 57.6

Table 3.15: Effect of changing the parameters to alter the feature input to TIM in
EPIC-KITCHENS and EPIC-SOUNDS. W: Window Size in seconds, Nm: Num-
ber of features, Hf : Feature Stride in seconds, Hw: Window Stride in seconds.

EPIC-KITCHENS EPIC-SOUNDS
Depth Verb Noun Action Audio Actions
1 Layer 75.5 66.3 56.0 57.2
2 Layers 76.6 66.5 56.5 57.8
3 Layers 77.1 67.2 57.5 58.3
4 Layers 76.5 66.9 57.3 58.0
5 Layers 76.6 67.0 57.2 58.4

Table 3.16: Effect of the Time Interval MLP I(·) structure. The highlighted row
is the performance we reported in the main paper.

MLP, benefiting from a 1.0% visual and 0.5% audio boost over 2 layers.

Loss ablation. We experiment with varying the λtd, as well as the within-modal

and cross-modal sampling variants (Eq. (3.4)). The results are shown in Table 3.17.

Introducing the Temporal Distance loss (λtd > 0) improves the overall performance

for visual, but has an adverse effect on audio. We also observe that λtd = 0.3 with

cross-modal sampling shows the highest performance on the visual action metric.

The cross-modal sampling strategy shows marginally improved results than the

within-modal strategy for visual, suggesting the distance loss is more beneficial for

video than for audio.
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EPIC-KITCHENS EPIC-SOUNDS
λtd Sampling Verb Noun Action Audio Actions
0.0 - 76.9 66.7 57.2 58.4
0.1 cross-modal 77.0 66.7 57.1 58.1
0.3 cross-modal 77.1 67.2 57.5 58.3
0.3 within-modal 77.3 67.0 57.4 58.4
0.5 cross-modal 76.9 66.8 57.3 58.2

Table 3.17: Effect of Temporal Distance loss on performance. Sampling repre-
sents the two different ways of sampling pairs B, cross-modal means sampling the
pairs across modalities and within-modal indicates sampling pairs only within the
same modality. We report the highlighted row in the main paper.

3.6.4 TIM for Detection

In this section we describe how we adapted TIM for the task of action detection for

the results reported in Table 3.3. The backbone remains largely unchanged from

the recognition task. However, there are differences in how we obtain queries, as

well as an additional interval regression head.

Multi-scale Queries for Detection

While in recognition we can utilise the ground-truth timestamps of the actions to

query the input, in detection, we obtain dense proposal queries by constructing a

query pyramid. These queries cover multiple fixed-size scales, spanning the entirety

of the long video at each level, starting from short, dense temporal interval queries

to long ones. The pyramid structure allows the model to classify and regress to

both long and short actions within the input.

In practice, when constructing our query pyramid, we start from a query interval

size of 0.005 ∗W (0.15s for a W = 30s window), with dense queries that span the

entire window. We then double the query size in the next layer, again spanning

the entire window at this resolution, and repeat this process stopping before the

query size matches or exceeds the full window size. For a 30s window, this method

constructs a query pyramid consisting of 8 layers, with resolutions: [0.15s, 0.3s,

0.6s, 1.2s, 2.4s, 4.8s, 9.6s, 19.2s].

We classify these queries in the same manner as recognition. However, we also

introduce a regression head, which predicts the start and end times of the action

the query is assigned to. The regression head allows for temporal localisation to

be improved over that of the proposal interval and to have greater overlap with
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the ground truth.

When obtaining the final sets of detections, we classify and regress all queries in

the pyramid across all input windows in the untrimmed video. We then threshold

predictions that are below a confidence threshold. We then apply class-dependent

Soft-NMS [Bodla et al. 2017] to the filtered predictions to remove highly overlap-

ping proposals, before calculating the precision scores.

Detection Training

During training, we deem any query in the fixed pyramid (multi-scale) set of queries

with temporal IOU ≥ 0.6 with any ground truth action as a positive query. If

a query has a temporal overlap above the threshold with multiple ground-truth

actions, we only consider the action label with the highest IOU . For all positive

queries, we directly predict the assigned action’s start and end times (tms , t
m
e ) and

classify the corresponding action label. For negative queries, we do not regress

the interval’s duration and set the label as a zero-vector for across all classes e.g.

background.

As with recognition, we classify all queries with hm
CLS(·) and obtain predictions

ŷmCLS = hm
CLS(Z

m
CLS). To classify queries, we train TIM using a Sigmoid Focal

Loss [T.-Y. Lin et al. 2020] F (·) to balance the positive and negative samples:

Lm
det_CLS =

1

B

B∑
F (ŷmCLS, y

m
CLS) (3.7)

For positive queries, we also feed the encoded CLS tokens through a separate re-

gression head hm
REG to predict the querys associated ground truth action start and

end time (t̂ms , t̂
m
e ) = hm

REG(Z
m
CLS). We train this via a DIOU regression loss [Z. Zheng

et al. 2020]:

Lm
det_REG =

1

QP

QP∑
DIOU((t̂ms , t̂

m
e ), (t

m
s , t

m
e )) (3.8)

where QP is the number of positive queries. Finally, we combine both losses to

form our detection loss:

Lm
det = Lm

det_CLS + λdet_REGL
m
det_REG (3.9)
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Where λdet_REG is a parameter used to weight the regression loss. We set this to

0.5.

3.6.5 Further Implementation Details

Feature Extraction The Omnivore model used is pre-trained with ImageNet [Rus-

sakovsky et al. 2015], Kinetics [Kay et al. 2017] and SUN RGB-D [S. Song et

al. 2015] datasets. For EPIC experiments, we finetune the model with EPIC-

KITCHENS100 visual labels. The VideoMAE-L features are pre-trained on Ki-

netics [Kay et al. 2017], Something-Something V2 [R. Goyal et al. 2017], AVA [Gu

et al. 2018] and WebVid2M, which we also fine-tuned on EPIC-KITCHENS visual

labels. The detailed training procedure for Omnivore is available in [Girdhar et al.

2022] and for VideoMAE in [Tong et al. 2022; Y. Wang et al. 2022]. We extract

dense features that overlap, so that we can use fine-grained time intervals as a

query. Each 1 second Omnivore feature is computed by feeding 32 frames the

temporal segment sampling described in [Z. Liu et al. 2022] and whereas we feed

16 frames using the sampling described in [Tong et al. 2022; Y. Wang et al. 2022]

for each VideoMAE feature.

For Auditory SlowFast [Kazakos et al. 2021b], we utilise the pre-trained VG-

GSound [H. Chen et al. 2020] model and change the input length from 2 seconds

to 1 second to match the temporal extent of the visual features. Only for EPIC

experiments, we finetune the model with EPIC-SOUNDS audio labels. The ad-

ditional sets used for data augmentation apply SpecAugment with two frequency

masks with F = 27 and two time masks with T = 25. Again, this enables data

augmentation for audio.

For AVE visual features, we use a VGG-19 [Simonyan and Zisserman 2014] model

pre-trained on ImageNet [Russakovsky et al. 2015]. We extract the features from

pool5 layer on VGG-19 to get a spatial feature map per each frame. We average

these feature maps per each second by global pooling. For audio features, we adopt

a VGG-like [Hershey et al. 2017] network pre-trained on AudioSet [Gemmeke et

al. 2017]. Both visual and audio feature cover one second of the visual or audio

stream. Additionally, due to the significantly smaller size of the AVE dataset, we

reduce the model size for this dataset by halving the hidden dimension of all linear

layers (512-D) and applying channel-wise dropout with p = 0.1 to the raw input
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features, but retain a dropout of p = 0.5 on the encoded transformer input.

Model selection scheme. For datasets with distinct visual and audio label sets

(EPIC and Perception Test), we train a single model on both sets of labels simul-

taneously. In these cases, we report results across all metrics in both modalities for

the epoch with the best visual performance. We note that we can obtain additional

audio performance by adjusting hyperparamters (such as λa) to be more biased

towards audio. However, when reporting results, we take the audio performance

from our best performing visual model, reporting a single model for audio-visual

TIM.

EPIC Details. For EPIC-KITCHENS-100 and EPIC-SOUNDS, we include two

extra CLS tokens for each visual query: [CLS]vverb,noun, along with classifiers

hv
CLSverb(·) and hv

CLSnoun
(·). We set the learning rate to 1e-4 and apply channel-

wise dropout with p = 0.5 directly to the raw input features, as well as to the

encoded transformer input. We set λa = 0.01 and λv = 1.0. The low value of λa is

to alleviate early overfitting of the audio data, also observed in other works [Xiao

et al. 2020].

AVE Details. Due to the significantly smaller size of the AVE dataset, we reduce

the model size for this dataset by halving the hidden dimension of all linear layers

(512-D). We use an initial learning rate 5e− 4. We set all dropouts in the model

to p = 0.1. We set Nm = 10 with Hf = 1.0 to be consistent with other works.

This results in a window size of W = 10 seconds which is the full-length of the

video in this dataset. We thus do not use any window stride (Hw) for this dataset.

We apply AVGA [Tian et al. 2018] to spatial visual features from VGG-19 before

feeding it to the transformer. As this dataset does not contain distinct labels for

audio and visual, we encourage the model to learn the single label set for both

modalities by duplicating the query, i.e. using a [CLS] for each modality, and

combine their logits for training and inference. We set λa = 1.0 and λv = 1.0.

Perception Test Details. We set the learning rate to 1e-4 and apply channel-

wise dropout with p = 0.1 to both the raw input features and encoded input

sequence. We set W = 20 seconds, λa = 1.0, and λv = 1.0.

Detection Details. Due to memory constraints, as opposed to using a single

model to jointly train for all sub-tasks in recognition (visual and audio or verb,
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noun, action and audio in EPIC), we use a separate model for each individual sub-

task, resulting in two different sets of model weights for detection and recognition.

We also extend the number of layers in the transformer encoder from 4 to 6. The

regression head consists of 2 layers with hidden dimension D/2, followed by ReLU

activations, and a final layer which outputs 2 numbers relating to the regressed

boundaries, followed by a Sigmoid activation to scale the outputs between [0, 1].

For Perception Sound and Action, we train for 100 epochs and use a 0.01 confidence

threshold and NMS σ = 0.1. For EPIC, we train for 35 epochs and use a 0.03

confidence threshold and NMS σ = 0.25. All other hyper-parameters are consistent

with the recognition models.
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Part II

Audio-visual character-aware

subtitle generation for TV shows
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Look, Listen and Recognise: Character-Aware

Audio-Visual Subtitling

Bruno Korbar∗ Jaesung Huh∗ Andrew Zisserman

VGG, University of Oxford

Abstract

The goal of this paper is automatic character-aware subtitle generation.

Given a video and a minimal amount of metadata, we propose an audio-

visual method that generates a full transcript of the dialogue, with precise

speech timestamps, and the character speaking identified. The key idea is to

first use audio-visual cues to select a set of high-precision audio exemplars for

each character, and then use these exemplars to classify all speech segments

by speaker identity. Notably, the method does not require face detection or

tracking. We evaluate the method over a variety of TV sitcoms, including Se-

infeld, Fraiser and Scrubs. We envision this system being useful for the auto-

matic generation of subtitles to improve the accessibility of the vast amount

of videos available on modern streaming services. Project page : https:

//www.robots.ox.ac.uk/~vgg/research/look-listen-recognise/

∗Equal technical contribution.
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Figure 4.1: Character-aware audio-visual subtitling. The generated data covers
what is said, when it said, and by whom it is said.

4.1 Introduction

With the rise of streaming platforms that allow watching videos “on-demand”,

more video content is made available to the general public and researchers than

ever in history. With more than 80% of users of one such platform relying on

subtitles [Netflix player control tests n.d.], automatic subtitle generation and cap-

tioning has become an important research topic in the community [Radford et al.

2023; Bain et al. 2023]. Unfortunately, many subtitles, whether automatically

generated or not, do not comply with the standards for Subtitles for Deaf and

Hard-of-hearing (SDH): namely, they do not include information about speaker

identification, nor do they contain sound effects and music.

In this paper, we take the next step towards automatic generation of SDH – we aim

to make the subtitles character-aware. Character-aware subtitles would also be of

great benefit to researchers. They would allow for the automatic generation of

large-scale video datasets, which could fuel the next generation of visual-language

models capable of learning higher-level semantics from the paired data.

There has been a plethora of works using audio-visual networks for speech recogni-

tion [Afouras et al. 2019a; Shi et al. 2022b], speaker diarisation [J. S. Chung et al.

2020c; Ding et al. 2020; E. Z. Xu et al. 2022] or character recognition [Sharma

and Narayanan 2022a; Everingham et al. 2009; Haurilet et al. 2016; Nagrani and

Zisserman 2017] which are subtasks of our main goal. However, these works re-

quire additional processing for detecting and tracking faces. We present a simpler

method that does not require face detection or tracking and uses only off-the-shelf

deep neural network models and the cast list for each episode.
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We make the following four contributions: (i) we propose a new task, character-

aware audio-visual subtitling, which aims to generate the what, when and by

whom for subtitles, with minimal required metadata. (ii) we develop an automatic

pipeline for this task that does not require face detection or tracking (Section 4.2);

(iii) we curate an evaluation dataset that includes subtitles labelled with char-

acters individually for three different sitcom series: Fraiser, Scrubs and Seinfeld

(Section 4.3); and (iv) we assess the method on the evaluation dataset and report

the performance (Section 4.4).

4.1.1 Related work

Labelling people in videos. is a well studied topic in computer vision [Ever-

ingham et al. 2009; Haurilet et al. 2016; Nagrani and Zisserman 2017]. Often, the

availability of various levels of prior information is required such as scripts [Ev-

eringham et al. 2009], clean images for actor-level supervision [Nagrani and Zis-

serman 2017], or ground truth subtitles with correct timestamps [Mocanu et al.

2019; Akahori et al. 2017]. [A. Brown et al. 2021a] relaxes the need for cleaned

data and makes their method scalable by gathering a large amount of data via

automated image search to obtain the corroborative evidence they use for supervi-

sion. Like [A. Brown et al. 2021a], our model retrieves the necessary information

via search engines, however, it does not pre-process video frames, save for the

transformations required by a neural network.

Audio-only speaker diarisation. Speaker diarisation is the task of identifying

“who spoke when” from a given audio file with human speech. There are two

branches of works in this area: (i) using existing Voice Activity Detection (VAD)

and a speaker model together with clustering [Quan Wang et al. 2018; A. Zhang

et al. 2019; Kwon et al. 2021] and (ii) using an end-to-end model which goes

from the VAD to assigning speakers [Fujita et al. 2019; Horiguchi et al. 2020].

Both of them suffer when the number of speakers is large such as in TV shows

or dramas. Furthermore, the current state-of-the-art speaker recognition models

assume that the input is long (> 2 sec), while most of the speeches in TV shows are

relatively short including exclamations, which leads to the degradation of speaker

clustering performance. In this paper, we include the active speaker detection

model and person-identification model, which are strong in short videos, to identify
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the character.

Audio-visual speaker diarisation. In the last few years, efforts were made to

improve the performance of diarisation by borrowing the power of face recogni-

tion models or lipsync models, which are closely related to human speech [J. S.

Chung et al. 2020c; E. Z. Xu et al. 2022; J. S. Chung et al. 2019]. [J. S. Chung

et al. 2020c] utilises audio-visual active speaker detection model and speech en-

hancement models, but mostly in celebrity interviews or news segment where the

length of speeches are generally short. [E. Z. Xu et al. 2022] introduces an Audio-

Visual Relation Network (AVR-Net) that leverages the cross-modal correlation to

recognise the speaker’s identity. Our approach is different from these works in

two ways: (i) we do not use any face detection or tracking; and (ii) we introduce

character-aware audio-visual subtitling that builds the character bank within each

video and figures out not only the speaker clusters but the speakers’ identity for

each utterances and the speech content.

Datasets. The Bazinga! dataset [Lerner et al. 2022] also provides subtitles labelled

with characters for a large number of TV series. However, it is an audio only

dataset, and consequently is not directly suitable for applying the audio-visual

approach we develop.

4.2 Method

This section explains our approach to creating subtitles for the video and attribut-

ing speakers to each speech segment. Our method consists of two distinct stages.

First, we detect speech segments from the video, recognise the spoken words, and

process the data to create a database of what we refer to as speech exemplars –

sample video clips where a speaker is clearly audible, visible and identifiable. In

the second stage, the speech exemplars for each character are used to assign the

identities to all speech segments.

In order to label the characters we require the following metadata for each episode:

(i) the names of the characters in the show; and (ii) for each character 1–10 sample

images of the actor and their names that we can use as visual examples. This

metadata can be obtained automatically from online database of movies or TV

series [International Movie Database n.d.].
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Figure 4.2: Overview of our method. We first build a database of audio exemplars
for each character by filtering speech segments until only a high precision set
remains (left). Each speech segment is then assigned to a character by comparing
its voice embedding to the exemplar embeddings (right).

4.2.1 Stage 1: building audio exemplars

The goal of stage 1 is to create a database of character voices. We take multiple

episodes of a TV series, and obtain a set of speech segments for each character.

In order to do this, we first split videos into speech segments, and transcribe

them. For each segment we determine if only one speaker is visible and is speaking

– a crucial step because it allows us to be confident that the speech segment

corresponds to the face in the frame. We collect a set of speech segments for each

character that we can confidently recognise from their face, and then filter the

samples in each set to remove potential label noise using voice embeddings.

We end up with a set of speech segments for each character that are recognised

with high precision, and refer to these as speech exemplars. The building of these

exemplars is illustrated in Fig. 4.2, and we give details of each sub-step below.

1. VAD detection and Automatic Speech Recognition (ASR). In this

stage, we take an entire video and split it into segments where speech is detected

and recognised. We first detect the voice regions across the entire dataset and

determine the spoken content of each segment. We do this with a language-guided

VAD model. We apply the WhisperX [Bain et al. 2023] model on the audio stream

of our dataset which detects the speech regions with word-level timestamps. We
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concatenate the generated words to obtain the entire transcription per video, then

use a sentence tokenizer to separate them by sentences. Assuming each sentence

is spoken by a single speaker, we use the start and end times of the sentences as

our unit of speech segments.

We also find that most TV shows contain laughter tracks (audience laughter) which

are voice regions but are not of interest to this work. Thus, we run a pretrained

laughter detector [Gillick et al. 2021] for each of the remaining voice segments and

remove the ones from the candidates of exemplars if laughter is detected. After

this step, we know precisely when characters in the show are speaking and what

they are saying. We don’t yet know who is saying what.

2. Audio-visual speaker detection.

The goal of this stage is to take speech segments from the previous stage and

select only those with a single visible speaker. This will produce a subset of

speech segments where we can recognise the speaker. To achieve this, we localise

the speaker with an audio-visual synchronisation model [Afouras et al. 2020b]

which produces a spatial location of the audible objects and has been shown to

detect speakers well. In practice, it generates an audio-guided heatmap over each

video frame. We average the heatmaps over the length of each speech segment to

avoid unnecessary noise and detect peaks in the heatmap through a combination

of maximum filtering and non-maximum suppression. Example heatmap outputs

can be seen in Fig. 4.2. When a single peak is visible throughout the video clip,

we can assume that only one speaker is present. If there are no detected peaks,

or there are multiple ones, we discard that speech segment from the candidates of

exemplars.

3. Visual character classification. In this step a character name is assigned

to each of the single-speaker speech segments from the previous step where pos-

sible. This leaves us with a further reduced set of speech segments, each having

a character name associated with it. Character classification is the only step in

our annotation process that external data is used. Specifically, the 1–10 sample

images of each actor are used to form a visual embedding of that character. Our

classification model [Korbar and Zisserman 2022] compares a visual embedding of

the frames of a speech segment to a combination of actor visual embedding and
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actor name (details are given below). We select the best match or discard the

clips which cannot be classified with a high degree of confidence. Note, (i) the

comparison is at the frame level, no face detector or cropping is required for this

visual recognition; (ii) we compute visual embeddings for all characters in a given

season, but only consider ones present in that episode at inference time.

4. Audio filtering. Finally, we group the labelled speech segments from the

previous stage by character, and for each character we filter their voice samples to

remove potential noise from the groupings as follows: we compute voice embed-

dings for each sample, and consider that a sample is positive for a given character

if its 5 nearest neighbours are labelled as the same character. Note that for char-

acters where the number of samples n is smaller than 5, we keep all the samples

in our database. This gives us the final exemplar set for a given TV series and

hopefully leaves us knowing what each character sounds like.

4.2.2 Stage 2: Assigning characters to speech segments

The aim of this stage is to assign a character name to each of the detected audio

segments that we are confident of, regardless of whether a speaker is visible or not.

On a high-level, we achieve this by comparing the distance between each speech

segment and the audio exemplars for each character. We do not assign an identity

if the minimum distance is above a certain threshold.

Specifically, for each character we compute the mean of exemplar embeddings and

use it as a centroid representation for that character. To classify speech segments,

we embed them with the same model used to generate the exemplar embeddings,

and measure distances to class centroids. The segment is assigned to the speaker

corresponding to the nearest centroid. However, if the minimum distance between

the segment embedding and each centroid is bigger than a threshold d, then that

segment is classified as “unknown”. This covers uncertainty and also the cases

where we don’t have exemplars.

4.2.3 Implementation details

We detect speech and perform ASR with an off-the-shelf WhisperX [Bain et al.

2023] model, and the sentences are tokenized with NLTK [Bird 2006] tokenizer.
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We use the laughter detector by [Gillick et al. 2021] with a detection threshold

of 0.8. All voice embeddings are encoded with ECAPA-TDNN [Desplanques et

al. 2020], which is pretrained with VoxCeleb [Nagrani et al. 2019]. For discovery

of speaking faces, we use a pretrained LWTNet [Afouras et al. 2020b]. For each

generated heatmap we detect 4 peaks, and consider each a positive if it’s larger

than τdet = 0.7. For actor face classification, we use the CLIP-PAD model [Ko-

rbar and Zisserman 2022] pretrained on VGGFace and VGGFace2 [Parkhi et al.

2015]. Actor text-image embeddings are formed as "An image of <TKN> Name

Surname" where <TKN> is an average representation of query images computed us-

ing a face-embedding network, as in [Korbar and Zisserman 2022]. To classify the

actors in the scene, we measure the cosine similarity between the visual embed-

ding of the frames and the text-image embedding and choose the ones with highest

similarity score where the score is over threshold τrec = 0.85 as positives. All hyper-

parameters are determined via grid search on the three validation episodes, and

kept fixed otherwise.

4.3 Evaluation Dataset

In this section, we describe a semi-automatic annotation pipeline used to generate

the ground truth character names, timestamps and subtitles for speech segments.

The goal is to annotate the identities for all subtitles with accurate time intervals

in the video.

4.3.1 Annotation procedure

The dataset collection process consists of two stages: (i) automatic initial anno-

tations by aligning a transcript with timed subtitles; and (ii) human annotators

reviewing and further refining these annotations. Note that our dataset differs

from other speaker diarisation datasets since we are also interested in the identity

of each speaker and speech transcriptions.

Aligning transcripts and timestamps. To associate character names with

corresponding temporal timestamps, we leverage two readily accessible source of

textual video annotation: original transcripts and subtitles with word-level times-

tamps. Transcripts are obtained from multiple online sources [The Frasier Archives
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Dataset # episode duration # IDs speech % # spks

Seinfeld 6 2h 09m 36 60.6 6 / 9.2 / 12
Frasier 6 2h 11m 29 59.5 6 / 9.2 / 12
Scrubs 6 2h 02m 48 67.9 13 / 15.7 / 18

Table 4.1: Evaluation dataset statistics. # episode: number of episodes, dura-
tion: total duration of the dataset, #IDs: total number of characters, speech
%: percentage of video time that is speech and # spks: min / mean / max of
number of speakers per video.

2024; Seinfeld scripts dot com 2024; Scrubs fandom 2024]. They include spoken

lines and information about who is speaking. However, they do not provide any

timing information beyond the order in which the lines are spoken. We use Whis-

perX [Bain et al. 2023] to obtain the timed subtitles. We find this suitable since

its transcription and timestamps are highly accurate, whereas the timestamps in

subtitles from other online sources often do not align with the actual speech in

the video. To align the original transcripts and timed subtitles, we employ the

approach from [Everingham et al. 2006]. We use Dynamic Time Warping (DTW)

to obtain the word-level alignment between the transcript and timed subtitles to

associate the speaker with each of these words. Please refer to the original paper

for the detailed process.

Manual correction. The output of the automatic pipeline is prone to several

errors such as (i) a mismatch between the text of the transcript and WhisperX’s

transcription results; and (ii) mispredicted timestamps. We correct any errors in

timestamps and character names manually using the VIA Video Annotator [Ab-

hishek Dutta and Zisserman 2019].

4.3.2 Dataset statistics

Three TV series datasets are used to evaluate our method. We annotate the

first six episodes of Season 2 of Frasier, Season 2 of Scrubs and Season 3 of

Seinfeld. We utilise the sixth episode in each season as our validation set, while

the remaining episodes serve as our test set. The detailed statistics are shown in

Table 4.1.
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Step # of exemplars % of total

VAD detection 2107 100.0
Audio-visual speaker detection 1271 60.3
Visual character classification 806 38.3
Audio filtering 407 19.3

Table 4.2: Exemplar yield after steps in Stage 1 (on Seinfeld).

Char. name # exemplars # correct Acc (%)

Total 407 406 99.8
Jerry 273 272 99.6
Elaine 30 30 100
Kramer 12 12 100
George 14 14 100
others 78 78 100

Table 4.3: Exemplar recognition performance for named characters in Stage 1 in
Seinfeld. ‘others’ is a group of 21 characters, all named correctly.

4.4 Results

This section provides a detailed analysis of Stage 1 and 2, followed by the overall

result on our test set.

4.4.1 Detailed analysis of Stage 1 and 2

Performance evaluation of Stage 1. We evaluate the yield and classification

accuracy of the speech exemplars on the five episodes of Seinfeld in our test set.

In Table 4.2, it can be seen that 19.3% of voice activity segments can be consid-

ered as exemplars. We also evaluate the performance quantitatively by manually

inspecting the exemplars. The results, shown in Table 4.3, demonstrate that the

accuracy of Stage 1 is almost perfect, being 100% correct for most characters.

There are 11 characters for which we have no exemplars in the 5 episodes of Se-

infeld. They cover only 1.8% of speech segments – most of them speak less than

five sentences in the episodes.

Performance evaluation of Stage 2. We demonstrate the trade-off between

the Proportion of Classified Segments (POCS) and overall precision by varying

the threshold d used in the nearest centroid voice classification to assign speech

segments as “unknown”. True positives are the segments that overlap with the

ground truth segments and the character is correctly identified. Fig. 4.3 shows the

result. It can be seen that precision decreases as we classify more segments. Also,
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Figure 4.3: Stage 2 Precision-POCS Curves for the test set of the three TV series,
obtained by varying the threshold d (for classification as “unknown”). The left
figure shows the performance using all detected speech segments. The right figure
shows the performance only for the long segments (> 2 sec). We also show the
oracle points (‘x’ in each graph) for each TV series. The oracle point is where
all segments for which there are character exemplars are correctly classified, and
other segments are classified as “unknown”.

long segments show higher precision in all three TV series at any given POCS,

which shows that the speaker model produces better representations for longer

segments.

4.4.2 Overall performance on the test set

Performance measures. In addition to the traditional diarisation metric of

Diarisation Error Rate (DER), we report the overall character recognition accuracy

as well as the average of the per-character precision and recall metrics for the

characters of each show. We use a 0.25-second collar to calculate DER. Accuracy

is calculated for the segments that overlap with one of the ground truth segments.

The results are given in Table 4.4. We can see that the model performs best on

Frasier and worst on Scrubs in all metrics. This is due to the difference in size

of the casts in each dataset. Scrubs has more characters than Frasier (48 > 29)

for a similar total duration (see Table 4.1). Thus, Scrubs provides more potential

assignments for each segment, making identification more challenging.

We also report the diarisation performance with and without the overlapping

speech in Table 4.4. The difference in DER for these two categories is small

in Seinfeld and Frasier, meaning that there is not much overlapping speech within
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Showname DER↓ DER(O)↓ Acc↑ Ppc↑ Rpc↑

Seinfeld 29.6 29.7 81.2 0.922 0.841
Frasier 23.8 24.3 83.1 0.933 0.888
Scrubs 32.6 36.4 76.1 0.883 0.853

Table 4.4: Performance on the test set. We report the Diarisation Error Rate
both with and without consideration of the overlapping regions, DER(O) and
DER respectively. Acc denotes a character recognition accuracy for the segments
that overlap with the groundtruth. Ppc and Rpc are the average per-character
precision and recall, respectively.

Model Version Seinfeld Frasier Scrubs
Wav2Vec2.0 [Baevski et al. 2020] ASR_BASE_960H 45.0 36.9 36.3
Whisper [Radford et al. 2023] medium.en 13.2 13.5 10.6
WhisperX [Bain et al. 2023] medium.en 11.8 11.2 9.2

Table 4.5: Word Error rate (WER) (%) on each dataset.

00:17:15,931 ~ 00:17:17,034
Jerry : Oh, please. I love her.

00:17:18,235 ~ 00:17:19,616
George : I’ve just met her, 
but I’m very impressed.

00:17:20,640 ~ 00:17:23,531
Ralph : I don’t understand. 

I’ve never had a problem with 
these notes before.

00:17:23,832 ~ 00:17:24,332
Jerry : What’s the next 

move?
……

Figure 4.4: Qualitative example. Our method produces the speech segments with
timestamps, and assigns the character who spoke it.

these two shows.

Speech transcription performance. Our method uses the WhisperX ASR

model which also produces the speech transcription results. We compare the per-

formance with the state-of-the-art models in Table 4.5. Word Error Rate (WER)

is computed after applying the Whisper text normaliser to both ground truth and

predictions which can be found in the original paper [Radford et al. 2023]. We see

that WhisperX outperforms both Wav2vec2.0 and Whisper. This is because the

VAD Cut & Merge preprocessing reduces the hallucination of Whisper, which is

also mentioned in the original paper [Bain et al. 2023].

Qualitative example. We show a qualitative example of our results in Fig. 4.4.

As can be seen, our method assigns the character for each speech segment, as well

as timestamps and the transcription.
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4.5 Conclusions

In this work, we show promising first steps towards a model for character-aware

subtitling, which we hope will be beneficial for improving accessibility, and fa-

cilitating further research in video understanding. Our method is not perfect,

however. Our recognition efforts fail on short segments such as exclamations and

also do not deal with overlapping speech – though the latter does not appear to be

a serious limitation in practice. Furthermore, to generate the true SDH subtitles,

we would need to classify and categorise every sound, not just speech – something

our model is not yet capable of.
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Chapter 5

Character-aware audio-visual

subtitling in context

The paper has been accepted for publication at the Asian Conference on Computer

Vision (ACCV), 2024.
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CHAPTER 5. CHARACTER-AWARE AUDIO-VISUAL SUBTITLING IN CONTEXT

Character-aware audio-visual subtitling in

context

Jaesung Huh Andrew Zisserman

VGG, University of Oxford

Abstract

This paper presents an improved framework for character-aware audio-

visual subtitling in TV shows. Our approach integrates speech recognition,

speaker diarisation, and character recognition, utilising both audio and vi-

sual cues. This holistic solution addresses what is said, when it’s said, and

who is speaking, providing a more comprehensive and accurate character-

aware subtitling for TV shows. Our approach brings improvements on two

fronts: first, we show that audio-visual synchronisation can be used to pick

out the talking face amongst others present in a video clip, and assign an

identity to the corresponding speech segment. This audio-visual approach

improves recognition accuracy and yield over current methods. Second, we

show that the speaker of short segments can be determined by using the tem-

poral context of the dialogue within a scene. We propose an approach using

local voice embeddings of the audio, and large language model reasoning on

the text transcription. This overcomes a limitation of existing methods that

they are unable to accurately assign speakers to short temporal segments.

We validate the method on a dataset with 12 TV shows, demonstrating su-

perior performance in speaker diarisation and character recognition accuracy

compared to existing approaches.
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5.1 Introduction

Character-aware audio-visual subtitling is an emerging area that aims to automat-

ically generate subtitles for TV shows and movies, including the corresponding

speaker names. This task involves determining three key aspects: what is being

said, when it is said, and who is saying it. This capability is essential for the

audio-impaired, so that they can follow video material – indeed it is a requirement

of Subtitles for Deaf and Hard-of-hearing (SDH [Szarkowska 2020]) that the sub-

titles include information about speaker identification, as well as information on

sound effects and music. It also enables the annotation of large-scale video datasets

for training the next generation of visual-language models, capable of learning a

higher-level story understanding of video material.

The task builds on developments in three specialised areas: Automatic speech

recognition (ASR, or speech-to-text) that is primarily concerned with transcrib-

ing spoken words into text – determining ‘what is spoken’; Speaker diarisation,

that aims to organise multi-speaker audio into homogeneous single speaker seg-

ments, effectively solving ‘who spoke when’; and Character recognition, that aims

to identify the characters appearing in the video clips. Each of these areas is well

explored, and can use single modality methods (i.e. audio only or visual only) or

audio-visual methods. For example, ASR can be audio-only, e.g. [Radford et al.

2023; Hsu et al. 2021; Gulati et al. 2020], or audio-visual, e.g [Afouras et al. 2019a;

Shi et al. 2022a; P. Ma et al. 2023; Gabeur et al. 2022]. Similarly, common meth-

ods can be used across the areas. For example, voice embeddings can be used for

diarisation by clustering [Quan Wang et al. 2018; A. Zhang et al. 2019; Kinoshita

et al. 2021], and for recognition by matching to a gallery of voices [K. Li and

Wrench Jr 1982; Suchitha and Bindu 2015; Kaphungkui and Kandali 2019]. How-

ever, because these are somewhat independent areas, they do not alone provide all

the ingredients required.

Recent works have introduced methods and datasets for character-aware audio-

visual subtitling, building on elements from the three areas above [Korbar et al.

2024; Lerner et al. 2022]. The state-of-the-art method of Korbar et al. [Korbar

et al. 2024], proceeds in two stages: it first builds a gallery of voice embeddings for

each character using audio-visual methods, and then generates the character-aware
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Roz

Niles ]

[ ]

[[ ]

[ ]
My god, Niles, did
you just compliment me?

Indeed, I did.

I think it’s a brilliant suggestion. You’re very savvy, Roz.

][
You remind me of one of those
Cleverly amoral PR flacks…..

Video

Audio

[UNKNOWN] ?

Figure 5.1: An example video clip and output of our method. Dialogues in TV
shows typically flow continuously, and speaker identities can often be inferred from
the content and context of the conversation. In some cases, it’s possible to diarise
speakers solely based on textual context. Even though we cannot see the speaker
visually – so have no evidence from lip-movement – we can infer that the utterance
with a question mark (?) belongs to ‘Niles’ by looking at temporal context of the
dialogue.

subtitles using only audio recognition. Despite its accomplishments, however, this

method has two significant shortcomings when determining the character speaking

during a temporal segment: (1) it has a poor performance for short segments (those

lasting less than 2 seconds), often assigning the wrong character; and (2) it has a

low yield over all segments, as often it is unable to classify the character.

In this paper we make three contributions. First, we introduce a new method

for identifying the speaker for short segments, building on the insight that assign-

ments that cannot be resolved using only local (temporal) information, can often be

disambiguated using the temporal context of the surrounding dialogue. We investi-

gate two complementary approaches for this task: (i) using speaker recognition, we

note that a short utterance in a dialogue may well be spoken by a character with a

longer utterance (where the identity is not ambiguous) elsewhere in the scene, and

the short segment can then be assigned using local voice embeddings, rather than

voice embeddings from a gallery where audio conditions may substantially differ;

(ii) using a large language model (LLM), the identity of the character speaking

the short segment can be resolved based on the content of the dialogue, as illus-

trated by the example in Figure Fig. 5.1. The second contribution is to use a local

visual embedding around the lip motion synchronised with the speech to determine

the speaker. This overcomes a limitation of [Korbar et al. 2024], where a CLIP

descriptor of the entire frame is used to predict the speaker identity. The use of a

local visual embedding leads to higher yield of assignments for speaker segments.
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Taken together these two contributions significantly improve the performance over

that of [Korbar et al. 2024]. As our third contribution, we validate our method

on a large evaluation dataset covering 12 TV series. This dataset incorporates the

existing dataset used by [Korbar et al. 2024] and additional shows from [Lerner

et al. 2022], demonstrating the generalisation ability of our method.

5.2 Related Work

Several subtasks within this field have already been explored by researchers. Speech

recognition [Chan et al. 2016; Gulati et al. 2020; Malik et al. 2021; Radford et al.

2023], or speech-to-text, is primarily concerned with transcribing spoken words

into text. However, this subtask typically overlooks the timing of speech and

fails to identify the speaker. Speaker diarisation [Quan Wang et al. 2018; Diez

et al. 2019; J. S. Chung et al. 2020c; T. J. Park et al. 2022] aims to identify

speech regions and assign speaker labels to each person in an audio file. This task

clusters speech segments by speaker without necessarily matching them to specific

known individuals. Character recognition [Berg et al. 2004; Ramanathan et al.

2014; Kalogeiton and Zisserman 2020; Y. Hu et al. 2015; Poignant et al. 2017],

a well-studied topic in computer vision and speech processing, assigns names to

characters appearing in scenes. Character-aware audio-visual subtitling requires

the integration of all three tasks, utilising both audio and visual cues from the

video. Existing approaches often tackle these problems individually, with methods

that are either audio-only or audio-visual. However, there is a growing need for a

holistic solution that addresses all aspects simultaneously.

Character recognition in videos. Recognising characters in video [Evering-

ham et al. 2006; Everingham et al. 2009; Nagrani and Zisserman 2017; Haurilet et

al. 2016] is a challenging task due to the presence of multiple characters in a single

frame, occlusions, and variations in appearance. Several methods have been pro-

posed to incorporate additional modalities, such as audio [A. Brown et al. 2021a;

Nagrani and Zisserman 2017], or transcripts [Everingham et al. 2006; Everingham

et al. 2009; Haurilet et al. 2016] which are often unavailable. There are a line of

works which use speaker diarisation in TV shows and use the result to cluster the

speaker identities [Bost et al. 2015; Sharma and Narayanan 2022b]. However, they
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simply cluster the speaker identities, not assigning the actual character’s name.

Our task involves assigning the specific names of speakers in TV shows using a

castlist.

Audio-visual speech processing. Numerous studies have examined human

conversation from a broad perspective. Given that these interactions primarily

occur through speech, a wide range of research focuses on audio-only approaches

to various tasks, including speech recognition [Radford et al. 2023; Baevski et al.

2020; Gulati et al. 2020], speaker identification [Desplanques et al. 2020; J. S.

Chung et al. 2020b; Koluguri et al. 2022], and speaker diarisation [Bredin 2023;

Fujita et al. 2019]. With a rise of the multimodal learning, researchers have started

to incorporate visual information such as lip movements in addition to audio in-

formation to improve the performance of these tasks. For example, they use lip

movements [Afouras et al. 2019a; Shi et al. 2022a] or faces [J. S. Chung et al.

2020c; A. Brown et al. 2021b] in addition to audio to improve the performance of

this task.

LLM for video understanding. Large Language Models (LLMs) [Touvron et

al. 2023; Achiam et al. 2023; A. Q. Jiang et al. 2023; Anil et al. 2023] have driven

the great progress not only in Natural Language processing but also in computer

vision [Bai et al. 2023; H. Liu et al. 2023; Alayrac et al. 2022; H. Lu et al. 2024]

and audio processing [Yuan Gong et al. 2023; Yuan Gong et al. 2024]. Over the

past few years, there has been a plethora of works which leverage LLMs in various

video understanding tasks. There are two different approaches to this. The first

approach integrates a pretrained LLM with visual or audio backbones as part of

the entire model, fine-tuning it to understand multimodal content [Hang Zhang

et al. 2023; E. Song et al. 2024; T. Han et al. 2023; Maaz et al. 2024]. The second

approach uses LLM separately from video models to improve performance on video

understanding tasks [J. Chen et al. 2023; J. Wang et al. 2023].

Human conversation datasets. There has been growing interest in audio-

visual datasets with rich transcriptions of spoken conversations, including speech

transcripts, timestamps and speaker identities. Several datasets exist with anno-

tations for either one of these aspects. LRS series [Afouras et al. 2019a; Afouras
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et al. 2018a] have advanced audio-visual speech recognition technology, but their

single-speaker focus limits development of multi-speaker systems for conversational

settings. There exist audio-visual speaker diarisation datasets [J. S. Chung et al.

2020c; E. Z. Xu et al. 2022] with multiple speakers but do not have a speech

transcripts. The AMI-Corpus [Kraaij et al. 2005] and VoxMM [Kwak et al. 2024]

are multimodal datasets which provide audio-visual data with speaker identities

and speech transcripts. However, both focuses on different domain than ours such

as meeting scenarios, commercial or interviews. Bazinga! [Lerner et al. 2022]

offers rich transcriptions of TV shows, including word-level timestamps, speech

transcripts, and speaker identities. We use this dataset to verify our pipeline’s

performance.

Relation to the method of Korbar et al.[Korbar et al. 2024]. This work

also aims to generate character-aware subtitle generation. However, it has sev-

eral limitations. Firstly, it fails to utilise spatial information from lip-moving ar-

eas, which could significantly enhance speaker recognition accuracy. The method

utilises CLIP-PAD [Korbar and Zisserman 2022] which recognises characters in

scenes without employing a face detection model to identify clips for single-speaker

regions. Unfortunately, these clips may contain multiple faces, potentially confus-

ing the model when tasked with identifying the actual speaker. Secondly, it doesn’t

take advantage of the time-based context when matching speaker names to parts

of speech. In TV shows, conversations usually progress in a continuous manner.

As a result, it’s often possible to figure out who is speaking by considering the

overall flow of the dialogue and the context in which things are said.

5.3 Assigning Speakers to Short Audio Segments

The task here is to assign speaker identities to short temporal speech segments.

We assume that we have a gallery/library of voice embeddings available for the

principal characters.

It is well known that identifying speakers by their voice alone typically fails in

verification tasks when the input audios are short [Poddar et al. 2018; Y. He et al.

2023]. This is because state-of-the-art speaker embedding extractors [Desplanques

et al. 2020; Koluguri et al. 2022; Torgashov et al. 2023] are normally trained

103



Dr.Cox : 
You mean the popcorn 

balls and the 
deformed lollipops.

Dr.Cox : 
I mean, honestly, where do 
you get this crap anyway?

Dr. Cox : 
Of course, it is.

[UNKNOWN] : 
I made it.

Nurse Roberts : 
If you want name-brand candy, 
my fist is packed with peanuts.

1. Local embedding classification 2. Leveraging LLM to assign [UNKNOWN]

Voice embedding space

Dr. Cox : You mean the popcorn balls and the deformed lollipops
Dr. Cox : I mean, honestly, where do you get this crap anyway?
[UNKNOWN] : I made it.
Nurse Roberts : If you want name-brand candy, my fist is packed with peanuts.
Dr. Cox : Of course, it is.

Who is [UNKNOWN]?

Nurse Roberts

LLM
𝐷

Figure 5.2: Assigning speakers to short audio segments. First, we use
speaker embeddings from nearby segments where we have high confidence in
speaker identification (left). Second, we employ a Large Language Model (LLM)
to determine the speaker based on the content of conversation. (right)

with segments of at least 2 seconds of audio waveforms. TV shows contain many

short segments (see Fig. 5.5), resulting in false classification when using standard

classification methods on the embedding, such as nearest class centroid.

To solve this short segment speaker assignment problem, we use the temporal

context of the human conversation. There is a high chance that the speaker of

the short speech segment we are interested in is involved in the dialogue : which

means that the speaker might speak elsewhere and for longer within the scene.

The key concept is that speaker identity can be accurately predicted for longer

audio segments. These identified segments can then be used to classify speakers

in shorter audio segments nearby. We employ this idea into two complementary

ways: using local speech embeddings, and using the language (text) of the dialogue.

Assuming we know the speakers of long audio segments with a high confidence, we

demonstrate how to leverage this information to determine the speakers in shorter

audio segments. The method is illustrated in Fig. 5.2.

Local embedding classification. As is known from diarisation, there are ad-

vantages in comparing to local embeddings when deciding if two speakers are the

same or not. Since the two embeddings are computed under the same environ-

ment – and so have the same background sounds, the same reverberation, even

the same microphone, many of the ‘nuissance’ variables are removed, simplifying

the classification challenge. Thus, to determine the speaker of a short segment, its
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embedding is compared to the segment embeddings of the other (known) speakers

in the scene, instead of comparing to their class centroid.

In detail, we extract the speaker embeddings within nlocal preceding and succeeding

sentences around the segment of interest (where nlocal = 15). Then the speaker is

assigned by computing the distance between the embeddings of the short segment

and segments with known speakers using first nearest neighbor classification. If

the distance is below a threshold D then the assignment is accepted, otherwise the

short segment is classed as unknown, and the assignment is determined (if possible)

by using the text content, as described next.

Leverage LLM to assign speakers of unknown. As illustrated in Fig. 5.1,

the speaker identity can be inferred solely by using the content of the dialogue (i.e.

without actually hearing the voice). Since large language models (LLMs) have a

good predictive ‘understanding’ of dialogues, they can be queried to predict the

speaker of the short segment, given the named speakers of other utterances in the

dialogue. We apply this LLM classification in the cases that cannot be classified

using voice alone, since it is a weaker cue.

Specifically, we ask the LLM model to predict who the speaker is of the short

segment, using zero-shot prompting. We provide the nllm (e.g. 15) sentences with

the speaker names both before and after this unknown sentence. The LLM model

is tasked to answer with: either one of the characters that appear within this

dialogue with 2nllm + 1 sentences; or unknown if the speaker is from outside the

dialogue; or ‘Can’t tell’ if the speaker cannot be inferred only from the provided

dialogue. The prompt used also has three examples along with their answers,

followed by the actual query and dialogue. The detailed prompt instructions and

three examples are provided in the supplementary material.

5.4 Using Local Visual Predictions to Assign Speak-

ers

The task here is to recognise all characters speaking within a video clip. We assume

that we have a gallery/library of visual embeddings available for the principal

characters. Although speech is sometimes difficult to recognise due to background
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Figure 5.3: The visual prediction process for a speech segment. Visible speakers
with lip movements synchronised with the speech audio are recognised by using a
visual embedding from the castlist. This assigns an identity to the corresponding
speaker.

noise or overlapping voices, the corresponding visual frames often provide a clear

view of the speaker. We can use this visual information to help identify speakers.

Fig. 5.3 illustrates the method.

To identify all visible speakers in the scene, we employ a multi-step process. First,

we run a pretrained audio-visual synchronisation model [Afouras et al. 2020a] that

detects lip motions by producing a heat map where areas around moving lips are

activated. We then crop spatial regions around the detected peaks with a fixed

width and height, and extract visual embeddings from each cropped region us-

ing a CLIP-based character recognition model [Korbar and Zisserman 2022]. We

compare the distances between these visual embeddings to all actors in the cast

list. Finally, we select the cropped regions that identify speakers with high confi-

dence (above a predetermined threshold) and store these predictions for subsequent

speaker assignment steps.

This cropping approach essentially extracts a local visual embedding of the face. It

overcomes a limitation of the character recognition model [Korbar and Zisserman

2022], which is confused if multiple people appear in the same frame since it

uses a global frame embedding. In summary, we use audio-visual cues to assign

identities to speaking segments with visible faces, and audio-only embeddings to

assign identities when the face is not visible.
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5.5 Implementation Details

We follow the approach of [Korbar et al. 2024] for generating character-aware

subtitles using video and a cast list for each show. Their two-stage method first

builds a gallery of audio exemplars – speech segments with high-confidence char-

acter name assignments. These exemplars are then used to assign speaker names

to all speech segments using centroid classification. If the minimum distance from

the nearest exemplar exceeds a threshold, then no specific character name is as-

signed, allowing for characters without exemplars who cannot be classified. We

detail our implementation of this method in the following subsections, highlighting

the improvements we have made over the original method of [Korbar et al. 2024].

Fig. 5.4 shows a schematic overview of our entire pipeline.

5.5.1 Stage 1. Building audio exemplars

The goal of this stage is to extract audio exemplars from the video for which we

know the corresponding speaker.

We first run Voice Activity Detection (VAD) based on Automatic Speech Recog-

nition (ASR) model on the audios to generate the speech transcripts with corre-

sponding timestamps at a sentence level. Visible speakers are then determined by

using the synchronisation of lip movements and the speech with the self-supervised

trained audio-visual model [Afouras et al. 2020b] that produces a heatmap of where

the lip-motions are synchronised. We crop the surrounding spatial regions of each

peaks in the heatmap and visually recognise characters in the region. Video clips

with a single peak are kept as exemplar candidates, but predictions from the clips

with more than one peak are also kept for assigning the speaker later. Then, we

conduct additional audio filtering for the exemplar candidates to reduce the label

noise. We detail the process below.

Stage 1–1. VAD + ASR. The goal of this stage is to generate speech tran-

scripts with corresponding timestamps. We use publicly available pipeline [Bain

et al. 2023] to produce speech transcripts with timestamps in a sentence level. We

assume each sentence is spoken by a single speaker at this point, but we address

the case of overlapping speech in subsequent stages. This step produces subti-

tles without speaker identities. Unlike [Korbar et al. 2024], we do not use any
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Figure 5.4: A schematic overview of our pipeline. We first extract the audio
exemplars from videos (top) and use them label all audio segments (bottom).

pretrained laughter detector. Instead, we run a speech enhancement network to

reduce background noise in the following step.

Stage 1–2. Audio-visual speaker recognition. This stage aims to recognise

all speakers in the visual scenes and collect video clips with a single visible speaker

using a castlist per video. First, we run a pretrained audio-only speech enhance-

ment model [Defossez et al. 2020] to reduce background noise, thereby reducing

false positives in the following stage. Then, we visually recognise the visible speak-

ers’ identities by using the method explained in Section 5.4. We need a gallery

of images to compare the distance between each visible person and characters in

the castlist. We collect up to 10 images per each character and form a visual

embedding per character.

After running this model, we categorise the video clips into three types: (i) clips

without any peaks, (ii) clips with a single peak, and (iii) clips with multiple peaks.

The second type, clips with a single peak, are considered as our exemplar candi-

dates in subsequent stages. However, we proceed to run the character recognition

model on both the second and third types. We keep the output predictions to use

as candidates for classification in Stage 2. Multiple peaks can occur for two rea-

sons: either multiple speakers are talking simultaneously, or the model produces

false positives.

Stage 1–3. Audio filtering This stage further reduces label noise by focusing

on single-speaker video clips from the previous stage. We extract speaker embed-

dings from the audio and analyse each embedding’s N (e.g. 5) nearest neighbors.

We retain the embedding only if all N neighbors belong to the same speaker;
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otherwise, we remove the corresponding audio segment from our exemplars.

5.5.2 Stage 2. Assigning speaker identities of each speech

segment

Stage 1 aims to collect audio exemplars for which we know the corresponding

speaker identities with high certainty. This stage aims to assign speaker identities

to all segments. We first classify the long audio segments (> 2 sec). For each

segments, we only compare the distance between the exemplars from the visible

speakers, which we obtain in Stage 1–2. If no visible speakers are detected, we

compare the distance between the exemplars from castlist. Then, we use the

local temporal context, using local embedding classification and LLM which are

described in Section 5.3. The long segments as well as audio exemplars from the

previous stage are used for local embedding classification.

After assigning speakers to each audio segments in a sentence level, we run the

public overlapping speech detection model to detect the overlapping speech. If

the segment is detected with overlapping speech, we assign the speaker with two

nearest speakers along the time axis.

5.5.3 Implementation details

We use WhisperX [Bain et al. 2023] for VAD+ASR model. We further use Silero

VAD [Team 2021] for filtering out the false detections from the WhisperX. ECAPA-

TDNN [Desplanques et al. 2020] is used for speaker embedding extractor, pre-

trained with VoxCeleb [Nagrani et al. 2019]. We use LWTNet [Afouras et al.

2020b] for audio-visual synchronisation model and crop the activate region with

W = H = 350px to recognise the characters. We use nlocal = 15 preceding and

suceeding audio segments. We use public Llama3-70B 4-bit quantised model 1,

finetuned with instruction sets, to assign speakers with nLLM = 15 preceding and

succeeding sentences. We use public overlapping detection model from pyannote

2.1 [Bredin and Laurent 2021]. Rest of the parameters are identical to those in

[Korbar et al. 2024]. After detecting overlapping speech, we divide the audio seg-

ments wherever there is silence longer than 1 second, using word-level timestamps
1https://huggingface.co/screevoai/llama3-70b-instruct-4bit
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from WhisperX. The same speaker is assigned to these divided audio segments.

All hyperparameters are determined by grid search on validation sets.

5.6 Dataset and evaluation metrics

This section explains the dataset we have used to validate our method and evalu-

ation metrics.

5.6.1 Dataset

LLR-TV. [Korbar et al. 2024] has released a TV shows dataset including six

episodes each from Frasier, Seinfeld, and Scrubs, along with transcripts, speaker

names, and timestamps. The official dataset website 2 has released version 1.1,

which includes fixed annotations they have made. We use the current version to

verify our method, but we also report the performance from the original paper

in Section 5.7. For each series, we use the sixth episode as our validation set to

determine the hyperparameters. The rest of the dataset is used as our test set.

Bazinga!-gold-TV. Bazinga! [Lerner et al. 2022] dataset provides a rich set of

annotations from 16 different TV shows and movies, such as speech transcripts

with timestamps, speaker, addressee and entity linking information. The dataset

itself is divided into gold and silver based on the level of annotations. We use

all TV shows in the gold set to verify our method including Battlestar Galactica

(B.G.), Breaking Bad (B.B.), Buffy the Vampire Slayer (Buffy), Friends, Game

of Thrones (GoT), Lost, The Big Bang Theory (TBBT), The Office (Office) and

The Walking Dead (W.D.). We exclude StarWars since our paper focuses on TV

shows.

Since our method is audio-visual while the dataset only provides audio, we need

to adjust the timestamps in the annotations to match our videos. We use the

audio-audio alignment method introduced by [T. Han et al. 2024] to obtain precise

temporal alignment by comparing the audio provided in the dataset with the audio

from our video source. Similar to LLR-TV, we use the last episode of each series

as our validation set, with the remaining episodes serving as our test set.
2https://www.robots.ox.ac.uk/~vgg/research/look-listen-recognise/
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Figure 5.5: Distribution of segment lengths on LLR-TV and Bazinga! -gold-TV.

Fig. 5.5 shows the distribution of segment lengths in both datasets. 71.0% of

segments in LLR-TV and 71.5% in Bazinga! -gold-TV are shorter than 2 sec-

onds. This indicates that recognising speakers in shorter segments is crucial for

analysing conversations in TV shows. Note that while LLR-TV is manually cor-

rected, Bazinga! -gold-TV provides timestamps obatined through force-alignment.

Thus the annotation is relatively noisy (e.g. they do not provide annotations for

Previously... part.).

The source video used from both dataset were obtained in DVD format.

5.6.2 Evaluation metrics

Diarisation metrics. DER [The 2009 (RT-09) Rich Transcription Meeting

Recognition Evaluation Plan 2009] is a standard evaluation metric for speaker di-

arisation. However, recent studies [Cheng et al. 2022; T. Liu and K. Yu 2022] have

highlighted a significant limitation of DER: its time-duration-based computation

fails to accurately capture the recognition performance for short-term segments.

To address this limitation, Conversational-DER (CDER) is introduced, which

calculates speaker diarization accuracy at the utterance level and also accounts for

short segments. For more details on CDER, please refer to [Cheng et al. 2022].

In this paper, we employ DER with a forgiveness collar of 0.25 seconds, taking

into consideration instances of overlapping speech.

Character recognition metrics. Character recognition accuracy (Acc.) is

calculated for segments that overlap with ground truth segments. A segment

is considered correctly classified if the character’s name is accurately identified

and matches the corresponding overlapping ground truth segment. Precision and

recall for character identification are also reported for each show. Both metrics are
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Frasier Seinfeld Scrubs

Model Modality DER CDER DER CDER DER CDER

SimpleDiar [Simple Diarization repository 2024] A 24.2 58.5 24.5 56.2 24.4 52.6
pyannote [Bredin 2023] A 24.7 84.1 35.4 88.7 31.1 75.8
LLR∗ [Korbar et al. 2024] A + V 24.3 - 29.7 - 36.4 -
LLR† [Korbar et al. 2024] A + V 26.4 39.1 28.0 40.7 26.7 40.3
Ours A + V 20.3 28.8 23.3 33.6 25.7 37.0

Table 5.1: Diarisation performance on LLR-TV test set. Lower is better. LLR∗
is from the original paper before the GT was corrected and LLR† is the our
reproduced result with annotation corrections from the website. DER : Diarisation
Error Rate (%), CDER : Communication DER (%), A : Audio, V : Video.

B.G. B.B. Buffy Friends GoT Lost TBBT Office W.D.

Model Mod DER CDER DER CDER DER CDER DER CDER DER CDER DER CDER DER CDER DER CDER DER CDER

SimpleDiar [Simple Diarization repository 2024] A 61.3 101.0 68.8 154.5 31.5 62.6 46.8 85.6 38.3 85.8 90.9 117.2 20.6 38.0 33.3 70.3 93.4 123.9
pyannote [Bredin 2023] A 58.7 104.9 70.4 136.7 31.3 59.6 60.5 128.8 37.2 85.1 88.1 111.9 30.3 70.0 35.4 112.5 100.7 138.2
LLR† [Korbar et al. 2024] A+V 79.5 101.6 92.9 135.4 55.4 77.5 55.9 72.6 63.7 120.0 111.7 115.4 29.5 39.5 44.2 93.9 108.9 130.6
Ours A+V 62.7 87.2 67.0 99.4 46.2 62.0 47.1 64.4 44.2 82.7 89.0 86.6 27.3 36.0 40.2 71.8 92.5 97.1

Table 5.2: Diarisation performance on Bazinga! -gold-TV. DER : Diarisation Error
Rate (%), CDER : Communication DER (%), Mod : Modality, A : audio, V :
Video.

calculated for all characters (Prec. and Rec.) and separately for main characters

(Prec.(M) and Rec.(M)) in each series. A list of main characters for each show

is provided in the supplementary material.

5.7 Results

This section presents our overall results on the test sets, comparing them to other

baselines. We also provide a detailed analysis of how our method improves the

classification of short segments and the effect of using local visual predictions. We

conclude by showcasing qualitative examples of our method and comparing them

to the baseline.

5.7.1 Overall performance

Diarisation performance. We report the diarisation performance of our method

on the LLR-TV test set in Table 5.1. Our method is compared against three com-

petitive baselines, including two audio-only models and one audio-visual diarisa-

tion method, LLR. In terms of DER, our method demonstrates superior perfor-

mance on Frasier and Seinfeld compared to all other models, and achieves compa-

rable results on Scrubs. More notably, when considering the CDER, our method

significantly outperforms other baselines with margins of 10.3%, 7.1%, and 3.3%

on Frasier, Seinfeld, and Scrubs, respectively. This indicates that our method
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LLR [Korbar et al. 2024] Ours

Acc. Prec. Rec. Prec.(M) Rec.(M) Acc. Prec. Rec. Prec.(M) Rec.(M)

Frasier 87.0 91.6 87.0 92.5 89.4 88.9 89.8 88.9 90.3 92.6
Seinfeld 84.5 89.0 84.6 92.5 89.4 85.8 87.1 86.0 89.5 90.7
Scrubs 84.3 89.2 84.9 91.0 88.1 84.4 84.8 85.1 85.1 90.7

Table 5.3: Character recognition performance on LLR-TV test set. Prec. and
Rec. indicate the precision and recall of overall audio segments respectively, while
Prec.(M) and Rec.(M) are those of main characters in TV shows. Acc. is the
character recognition accuracy for those which overlap with one of the groundtruth
timestamps.
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Figure 5.6: Precision-POCS curves for audio segments in LLR-TV test set.

recognises characters more accurately, even in short segments, compared to other

methods.

Table 5.2 compares our pipeline against other baselines on the Bazinga! -gold-TV,

where our method shows better performance in most TV series. It’s worth noting

that due to label noise in the dataset, the metrics should be taken with a ‘grain of

salt’, a point that is also made in the original paper [Lerner et al. 2022].

Character recognition performance. Table 5.3 shows the character recogni-

tion performance on LLR-TV. The reported performance from both LLR and our

method is based on the highest accuracy achieved by varying the hyperparame-

ter D (see Section 5.3) on the validation set. Compared to the reproduced LLR,

our method demonstrates higher character recognition accuracy. Interestingly, al-

though the LLM is instructed not to predict the speaker when it cannot be inferred

from the input dialogue, it mostly selects a speaker from within the dialogue, re-

sulting in higher recall for both all segments and segments from main characters.

LLR does not predict speakers for 6.8% of the test set, while our method classifies

only 0.77% as unknown.
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Centroid Local Local + LLM (Ours)

nllm - - 5 10 15 30

LLR-TV val 85.3 87.1 87.5 88.2 88.2 87.6
LLR-TV test 84.3 86.3 86.6 86.9 86.8 86.7

Table 5.4: Character recognition accuracy % on short segments (< 2 sec). Cen-
troid : using exemplar centroids only, Local : using local embeddings only, Local
+ LLM (Ours) : using both local embeddings and LLM by varying nllm.

Precision-POCS curve. We demonstrate the Precision – Proportion of Classi-

fied Segments (POCS) trade-off in Fig. 5.6, showing results for all segments (left),

long segments (middle), and short segments (right) by varying the threshold D.

We include the curve from the LLR method for comparison. The graphs show

that the precision of character recognition decreases as we classify more audio

segments. Compared to LLR, our method shows similar performance on long seg-

ments but demonstrates superior ability in classifying short segments. This verifies

our method’s effectiveness in identifying speakers of short utterances.

5.7.2 Effects of local embedding classification and LLM on

short segments

Table 5.4 demonstrates the effectiveness of local embedding classification and LLM

in classifying short segments. Character recognition accuracies are presented for

audio segments shorter than 2 seconds using three methods: (i) nearest centroid

classification with exemplars only, (ii) local embedding classification only, and (iii)

a combination of local embedding classification and LLM, with varying nllm. The

results show that local embedding classification improves performance on short

segments compared to using centroids of audio exemplars per character (1.8% and

2.0% improvement on validation and test sets, respectively). This improvement

likely occurs because local embeddings tend to share similar audio environments.

Furthermore, leveraging LLM enhances recognition performance by utilising the

temporal context of the dialogue. On the LLR-TV test set, nllm = 10 shows the

best performance, while on the validation set, nllm = 15 performs identically to

nllm = 10. Since only the validation set is used to determine parameters, nllm = 15

is applied for all reported results.
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LLR LLR + vis LLR + vis + SE (Ours)

# of exemplars % of total # of exemplars % of total # of exemplars % of total

1-1. VAD + ASR 5554 100 5554 100 5554 100

1-2. Audio-visual speaker recognition 2192 39.5 3332 60.0 3409 61.4

1-3. Audio filtering 1213 21.8 1681 30.3 1734 31.2

Table 5.5: Effect of using local visual predictions (vis) and speech enhancement
(SE) on exemplar yield on the LLR-TV.

5.7.3 Effects of utilising spatial regions and speech enhance-

ment on audio exemplar yield and performance

Table 5.5 demonstrates how cropping lip areas and speech enhancement improve

exemplar yield. Unlike LLR, which uses whole frames without speech enhance-

ment, our method identifies characters by focusing on the spatial region of speakers

and reducing background noise to decrease false positive peaks, increasing exem-

plar yield by 8.5% and 0.9% respectively. We also measure how accurate these

exemplars are by comparing to the ground truth. Out of 1734 exemplars, the

pipeline mispredicts only 6 speakers (0.34%), 5 from Frasier and one from Seinfeld.

This high accuracy offers two advantages: (i) more audio segments are correctly

classified, and (ii) more precise embeddings are obtained for local embedding clas-

sification of short segments. Detailed results are provided in the supplementary

material.

5.7.4 Qualitative examples

We present qualitative results from two series, Scrubs and Friends, in Fig. 5.7. The

figure shows speech recognition output and corresponding timestamps produced

by our method, along with character recognition results from both LLR and this

approach. In both series, LLR fails to predict speakers for short utterances such

as "You know.", "Me." or "Why not?". In contrast, our method utilises the

temporal context of the conversation to correctly classify the speaker for these

brief segments. It is important to note that the yellow utterances in the figure are

initially classified as unknown. However, after employing LLM, these are correctly

assigned to the appropriate speakers.
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<Scrubs> Season 2 Episode 1 00:08:04 ~ 00:08:12

00:08:04,64 ~ 00:08:05,64
I’m sorry for what I did 

wrong.

00:08:08,10 ~ 00:08:10,07
See, you don’t even realize 

why I’m upset.

00:08:06,18 ~ 00:08:06,60
Which was?

00:08:08,25 ~ 00:08:08,58
You know.

00:08:11,70 ~ 00:08:12,50
Why are you smiling?

LLR
Ours

Turk
Turk CarlaTurk

[UNKNOWN] Carla
Carla

CarlaCarla
Carla

<Friends> Season 1 Episode 22 00:07:23 ~ 00:07:33

00:07:23,02 ~ 00:07:25,54
See, it pays to know the 

man who wears my shoes.

00:07:32,20 ~ 00:07:32,40
Why not?

00:07:27,00 ~ 00:07:27,30
Me.

00:07:29,08 ~ 00:07:31,06
No, I didn’t tell anybody 

that I knew you.

00:07:32,07 ~ 00:07:33,09
Well, because you know, 

they don’t like you.

LLR
Ours

Chandler
Phoebe PhoebeChandler
Phoebe [UNKNOWN]

Chandler
Phoebe[UNKNOWN]

Chandler

Figure 5.7: Qualitative examples from two TV series, Scrubs and Friends.

5.8 Conclusions

This paper presents an advanced framework for character-aware audio-visual sub-

titling in TV shows, addressing limitations in existing methods. Key contributions

include a novel method for identifying speakers in short segments using temporal

context, the use of local visual embeddings around lip-moving areas, and vali-

dation on a large dataset covering 12 TV series. Results demonstrate significant

improvements in both diarisation performance and character recognition accuracy,

particularly for short speech segments.

5.9 Appendix

5.9.1 Character recognition accuracy on Bazinga!-gold-TV

Table 5.6 shows the character recognition performance on Bazinga! -gold-TV, com-

paring with that from LLR [Korbar et al. 2024]. The reported performance of

LLR corresponds to its highest character recognition accuracy (Acc.). This peak

accuracy is achieved by adjusting the threshold during the nearest centroid classi-

fication process. We showcase that our method achieves higher accuracy than LLR

in all TV shows. It also achieves higher recall for both ‘all characters’ and ‘main

characters’ compared to LLR. LLR exhibits higher precision for ’all characters’
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Table 5.6: Character recognition performance on Bazinga! -gold-TV test set. Acc.
is the character recognition accuracy for those which overlap with one of the
groundtruth timestamps. Prec. and Rec. indicate the precision and recall of
overall audio segments respectively, while Prec.(M) and Rec.(M) are those of
main characters in TV shows.

LLR [Korbar et al. 2024] Ours

Acc. Prec. Rec. Prec.(M) Rec.(M) Acc. Prec. Rec. Prec.(M) Rec.(M)

B.G. 62.7 67.7 64.1 72.7 71.1 68.7 69.1 70.1 69.1 75.9
B.B. 60.5 69.4 61.4 83.6 64.9 67.5 72.6 68.6 76.3 69.4
Buffy 57.6 62.4 58.1 71.7 57.5 61.6 62.6 62.1 75.0 65.0
Friends 70.9 82.1 72.9 85.8 79.7 74.2 75.6 76.4 76.0 83.2
GoT 52.6 55.4 55.7 57.3 59.7 61.6 62.9 65.3 54.1 63.7
Lost 51.4 61.2 53.4 62.6 56.6 60.4 63.9 62.6 65.4 67.3
TBBT 80.2 88.8 80.4 90.9 85.4 81.5 82.7 81.8 83.2 86.2
Office 68.7 77.5 68.9 84.8 74.1 70.8 74.4 71.2 75.4 75.0
W.D. 49.7 60.3 51.9 57.0 52.9 54.7 57.6 57.1 53.5 64.0

Table 5.7: Exemplar recognition performance on LLR-TV. # exem denotes the
number exemplars extracted from our method and # correct denotes the number
of correctly classified exemplars. Others are a group of characters who are usually
guest stars for one or a few episodes and the number of them is given in parentheses.

Frasier Seinfeld Scrubs

Char # exem # correct Acc (%) Char # exem # correct Acc (%) Char # exem # correct Acc (%)

Frasier 347 342 98.6 Jerry 353 352 99.7 J.D. 152 152 100
Niles 58 58 100 George 41 41 100 Dr.Cox 102 102 100
Roz 28 28 100 Elaine 66 66 100 Turk 22 22 100
Daphne 30 30 100 Kramer 27 27 100 Dr.Kelso 65 65 100
Martin 31 31 100 Elliot 88 88 100

Carla 73 73 100

Others (7) 47 47 100 Others (12) 122 122 100 Others (13) 82 82 100

and ’main characters’ in a few TV shows. This difference in performance is due to

how each method handles short segments. LLR does not assign speakers to some

of short segments, instead marking the character as unknown. In contrast, our

LLM tends to predict speakers for these unknown segments after local embedding

classification. It often assigns one of the characters appearing in the dialogue, even

when we explicitly instruct the LLM that it doesn’t have to make an assignment

if it’s unsure. Thus, the precision decreases but the recall increases.

5.9.2 Exemplar recognition accuracy

Table 5.7 shows the accuracy of character recognition for the exemplars. We

demonstrate that the accuracy of the audio exemplar building stage is nearly

perfect. Out of 1,734 exemplars, most characters show 100% accuracy. In terms of

the number of exemplars, we extract more audio samples than [Korbar et al. 2024]

from the same Seinfeld test set (541 vs. 407). This showcases the effectiveness of

our cropping-based approach in terms of both exemplar yield and accuracy.
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5.9.3 List of main characters per series

Table 5.8 lists the main characters per series, both in LLR-TV and Bazinga! -gold-

TV. Note that we report the names of main characters in Bazinga! -gold-TV as

they are in the dataset annotation.

Table 5.8: List of main characters per show.

Show Main characters

LLR-TV

Frasier Frasier, Martin, Niles, Roz, Daphne
Seinfeld Jerry, Elaine, George, Kramer
Scrubs J.D., Dr.Cox, Dr.Kelso, Carla, Turk, Elliot

Bazinga!-gold-TV

Battlestar Galactica (B.G.) Admiral William Adama, President Laura Roslin, Captain Kara Thrace, Cpt. Lee Adama, Number six,
Dr. Gaius Baltar, Lt. Sharon Valerii

Breaking Bad (B.B.) Walter White, Skyler White, Jesse Pinkman, Hank Schrader, Marie Schrader
Buffy the Vampire Slayer (Buffy) Buffy Summers, Willow Rosenberg, Xander Harris, Angel, Rubert Giles
Friends Rachel Green, Monica Geller, Phoebe Buffay, Joey Tribbiani, Chandler Bing, Dr. Ross Geller

Game of Thrones (GoT) Danerys Targaryen, Jon Snow, Jorah Mormont, Tyrion Lannister, Catelyn Stark, Sansa Stark,
Arya Stark, Cersei Lannister, Eddard Stark, Robert Baratheon

Lost Dr. Jack Sheperd, Kate Austen, Sayid Jarrah, Hugo Reyes, Sunhwa Kwon, Charlie Pace,
Clarie Littleton, Michael Dawson, John Locke, Shannon Rutherford, James Ford

The Big Bang Theory (TBBT) Sheldon Cooper, Penny, Howard Wolowitz, Raj Koothrappali, Leonard Hofstadter

The Office (Office) Jim Halpert, Michael Scott, Ryan Howard, Pam Beesly, Dwight Schrute, Stanley Hudson,
Phyllis Vance, Angela Martin

Lost Rick Grimes, Lori Grimes, Carl Grimes, Carol Peletier, Shane Walsh, Andrea Harrison,
Dale Horvath, Glenn Rhee

5.9.4 LLM prompt

Table 5.9 shows the LLM prompt we’ve used to determine the unknown character

in the dialogue. We adopt the strategy introduced in [R. Y. Park et al. 2024].

Given the query dialogue with the unknown character we want to classify, we first

ask the LLM to summarize the dialogue. Then, we ask the model who would be the

unknown in the dialogue based on the generated summary. A list of characters with

their corresponding indices is provided in the prompt. We compute the softmaxed

logits of the tokens corresponding to each index and choose the largest one to

assign the speaker. We use this same prompt for experiments in LLR-TV and

Bazinga! -gold-TV.

There can be multiple unknowns in the query dialogue. We mark the sentence for

which we want to identify the speaker by placing asterisks (**) before and after

it. This explicitly instructs the LLM to predict the speaker only for that specific

sentence.
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Table 5.9: LLM prompt to determine unknown.

Prompt for determining [UNKNOWN]
system : You are a AI assistant to analyze the transcript of TV shows. Your job
is to figure out who are [UNKNOWN]s in a dialogue in TV shows. Tell the truth
and answer as precisely as possible.
(provide the dialogue here)
user : Write a summary for the above conversation.
assistant : (model generates the summary)
user : Based on the summary, your job is to identify the name of the speaker of
‘[UNKNOWN]’ when the line starts and ends with ‘**’. You must use the context
and the flow of the dialogue, using the speakers’ names and what they speak.
The list of speakers with their corresponding tokens are provided below. Choose
[UNKNOWN] if his or her name is not in the dialogue, or when you are not sure.
(provide the list of speakers here)
Only output one number after ANSWER:
assistant : ANSWER:

Example of the dialogue (nLLM = 5)
Dr.Cox : You can use it.
Dr.Cox : God, I hate Halloween.
Carla : Somebody needs to adjust their attitude if they want some candy.
Dr.Cox : You mean, the popcorn balls and the deformed lollipops.
Dr.Cox : I mean, honestly, where do you get this crap anyway?
**[UNKNOWN] : I made it.**
NurseRoberts : If you want name brand candy, my fish is packed with peanuts.
Dr.Cox : Of course it is.
Carla : Oh, what’s the matter?
Carla : Did Raggedy Ann scare you?
Dr.Cox : What are you, a rat?

Example of the list of speakers
1: Dr.Cox, 2: Carla, 3: NurseRoberts, 4: [UNKNOWN]
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Part III

Audio-visual dataset curation
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Abstract

The goal of this paper is speaker diarisation of videos collected ‘in the

wild’. We make three key contributions. First, we propose an automatic

audio-visual diarisation method for YouTube videos. Our method consists

of active speaker detection using audio-visual methods and speaker verifi-

cation using self-enrolled speaker models. Second, we integrate our method

into a semi-automatic dataset creation pipeline which significantly reduces

the number of hours required to annotate videos with diarisation labels. Fi-

nally, we use this pipeline to create a large-scale diarisation dataset called

VoxConverse, collected from ‘in the wild’ videos, which we will release pub-

licly to the research community. Our dataset consists of overlapping speech,

a large and diverse speaker pool, and challenging background conditions.

∗Equal technical contribution. † Now at Google Research. ‡ Now at Meta AI.
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6.1 Introduction

Speaker diarisation is the challenging task of breaking up multi-speaker video

into homogeneous single speaker segments, effectively solving “who spoke when”.

Beyond being an interesting research problem in itself, it is also a valuable pre-

processing step for a number of applications, including speech-to-text.

While state-of-the-art diarisation systems perform remarkably well for speech from

constrained domains (e.g. conversational telephone speech [Sell and Garcia-Romero

2014; Zhu and Pelecanos 2016; Garcia-Romero et al. 2017; A. Zhang et al. 2019]

or meeting speech [Yella and Bourlard 2013]), this success does not transfer to

more challenging conditions found in online videos ‘in the wild’. The challenges

here include the lack of a fixed domain (videos can be from talk shows, news

broadcasts, celebrity interviews, home vlogs), a large number of speakers (some

of whom are off-screen), short rapid exchanges with cross-talk, and background

degradation consisting of channel noise, laughter and applause.

These conditions make manual annotation of online videos a daunting task for

human annotators, leading to a dearth of large-scale public diarisation datasets

of unconstrained speech. While large-scale evaluations are held regularly by the

National Institute of Standards in Technology (NIST-RTE), these are limited to

constrained audio-only datasets, which are not freely available to the research

community (Table 6.1).

To attempt to remedy some these issues, the DIHARD challenges [Sell et al. 2018;

Ryant et al. 2019] were introduced in 2018. These are valuable annual challenges

that cover 11 different data domains, including mother-child conversations, meet-

ings and courtroom settings. One of these domains is also web videos, however

there is a limited amount of data (only 2 hours). The datasets are also audio-only,

and are only available to challenge participants (not released freely to the research

community).

A large-scale diarisation dataset of videos ‘in the wild’ would encourage the devel-

opment of new audio-visual diarisation techniques that deal with unconstrained

conditions. Inspired by the recent success of automatic audio-visual dataset cre-

ation pipelines (VoxCeleb [Nagrani et al. 2017; J. S. Chung et al. 2018; Nagrani

et al. 2019], VGGSound [H. Chen et al. 2020]), we propose a scalable, audio-visual
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method for speaker diarisation in web videos. Our method relies heavily on the

recent successes of active speaker detection [J. S. Chung and Zisserman 2016] and

face and speaker verification [Parkhi et al. 2015; Schroff et al. 2015; W. Xie et

al. 2019]. We then integrate this method into a semi-automatic dataset creation

pipeline – consisting of both automatic annotation and manual verification. We use

this pipeline to curate VoxConverse, a challenging and diverse speaker diarisation

dataset from ‘in the wild’ videos.

Our automatic diarisation method exploits the following three key ideas; Firstly,

the speech for on-screen identities can be accurately segmented automatically using

active speaker detection and then identified using face recognition, the core basis

for the VoxCeleb pipeline [Nagrani et al. 2019]. Second, there has been great

progress in creating audio-visual speech enhancement models [Afouras et al. 2018b;

Ephrat et al. 2018; Afouras et al. 2019b], which separate overlapping speech into

single speaker streams. Given the amount of cross-talk and background noise in

web videos, we use this model to better isolate and identify speaker identities.

The above two ideas allow us to accurately identify and isolate speech for on-

screen speakers. Finally, to accurately recognise off-screen speakers, we utilise

state of the art speaker recognition embeddings that verify identities from audio

alone (Figure 6.1).

Concretely, we make the following three contributions: (i) We create an automatic

audio-visual diarisation method using active speaker detection, face recognition,

speech enhancement and audio-only speaker recognition. (ii) We integrate our

method into a semi-automatic dataset creation pipeline which consists of human

annotation and automatic diarisation. Our pipeline is scalable, and significantly

reduces the number of hours required to annotate videos. (iii) We use this pipeline

to curate VoxConverse, a challenging ‘in the wild’ audio-visual diarisation dataset.

We compare our audio-visual diarisation method to existing audio-only baselines

on our dataset, and show that large performance gains can be obtained from

integrating visual information.
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6.2 Related works

Speaker diarisation has been an active field of research for many years, but remains

one of the most challenging tasks in speech processing. Deep learning techniques

have not been applied to speaker diarisation to the same degree that they have for

other tasks, partially due to the lack of end-to-end models for diarisation, but also

due to the lack of diverse, large-scale datasets like ImageNet [J. Deng et al. 2009]

and VoxCeleb [Nagrani et al. 2017].

Much of the progress in the field has been driven by a series of NIST Rich Tran-

scription challenges (NIST-RTE), which focuses almost solely on the meeting do-

main. The series also proposed the diarisation error rate (DER) as an evaluation

metric for speaker diarisation, which is now used as the primary metric across all

domains and evaluations. Research into speaker diarisation has largely evolved

independently for different domains, with broadcast news [S. Tranter and D. A.

Reynolds 2004], telephone speech [Canavan et al. 1997], and meetings [Janin et al.

2003; Carletta et al. 2005] being the most popular domains. For each domain, spe-

cific datasets have been introduced and used, all created by manual annotation.

We provide a summary in Table 6.1.

The DIHARD series of challenges [Sell et al. 2018; Ryant et al. 2019] were in-

troduced to overcome the domain dependency in the field – the data consists of

recordings from different conversational domains, including audiobooks, broadcast

interviews, child speech and so on. The evaluation conditions are challenging, and

even the best performing systems score relatively high diarisation error rates of

around 20% with ground truth voice activity detector (VAD), and 30% with sys-

tem VAD. The annotation is performed with very fine granularity, which allows

evaluation without a forgiveness collar. Barring DIHARD, all other datasets and

evaluations include a generous forgiveness collar and exclude overlapping speech

from scoring. Inspired by DIHARD, we annotate overlapping speech in VoxCon-

verse and include it in evaluation. For almost all existing datasets, annotation is

done manually and solely using the audio. Annotation without visual information

is challenging, particularly when the number of speakers is large, since it is easy to

be confused between voices without the additional identity redundancy provided

by the face. Unlike other works, our dataset creation pipeline is semi-automatic,
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scalable and audio-visual.

Name Acou. Cond. Free Ann. Method

2005 NIST RTE Meetings ✗ Manual
CALLHOME [Canavan et al. 1997] Telephony ✗ Manual
AMI Meeting Corpus [Carletta et al. 2005] Meetings ✓ Manual
ICSI Meeting Corpus [Janin et al. 2003] Meetings ✓ Manual
Fisher† I and II [Cieri et al. 2004] Telephony ✗ Manual
DIHARD [Sell et al. 2018; Ryant et al. 2019] Mixed ✗ Manual

VoxConverse Multi-media ✓ Semi-automatic

Table 6.1: Comparison to existing speaker diarisation datasets. Acou. Cond.:
Acoustic conditions; Ann. Method: Annotation Method; †: Fisher English
Training Speech part I and II.

6.3 Dataset description

The development set of VoxConverse consists of 216 multispeaker videos covering

1,218 minutes with 8,268 speaker turns annotated. The test set contains approx-

imately 232 videos covering 2,612 minutes. The statistics of the dataset can be

seen in Table 6.2.

Videos included in the dataset are shot in a large number of challenging multi-

speaker acoustic environments, including political debates, panel discussions, celebrity

interviews, comedy news segments and talk shows. This provides a number of back-

ground degradations, including dynamic environmental noise with some speech-like

characteristics, such as laughter and applause. Our dataset is audio-visual, and

contains face detections and tracks as part of the annotation.

The videos in the datasets consist of quick, short speech segments. On average,

91% of the video time contains speech, and 3–4% of this contains speech where

one speaker overlaps with another speaker. The overlap percentage varies between

videos; one video for example has an overlap percentage of 29.8%. Videos vary in

length from 22 seconds to 20 minutes. Unlike other domains such as telephony,

each video has on average between 4 and 6 speakers, with one video in the dataset

having 21 speakers.
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set # videos # mins # spks video durations (s) speech % overlap %

Dev 216 1,218 1 / 4.5 / 20 22.0 / 338.2 / 1097.4 10.7 / 93.2 / 99.8 0 / 3.8 / 28.7
Test 232 2,612 1 / 6.5 / 21 26.0 / 675.6 / 1200.0 46.9 / 89.6 / 100 0 / 3.1 / 29.8

Table 6.2: VoxConverse dataset statistics. Entries that have 3 values are reported
as min/mean/max. # spks: Number of unique speakers per video. # mins:
Total number of minutes in the dataset. video durations (s): Length of videos
in seconds. speech %: Percentage of video time that is speech. overlap %:
Percentage of speech per video when 2 or more speakers overlap.

6.4 Dataset collection

The dataset collection process consists of two stages – initial annotations are gen-

erated automatically using our proposed audio-visual method, and the annotations

are then checked and refined by human annotators.

6.4.1 Automatic pipeline

Figure 6.1: Output of our automatic audio-visual diarisation method. Green
squares on the images represent face detections with positive ASD output, red
squares represent face detections with negative ASD output. The identities are
labelled as ID_6, ID_7 and ID_8, and speaker timelines show when each identity
is speaking. For clarity, we only show 3 frames from the video. Our method el-
egantly deals with visual speakers, overlapping speech and undetected/off-screen
speakers.

The automatic computer vision pipeline to curate VoxConverse is similar to that

used to compile VoxCeleb1 [Nagrani et al. 2017] and VoxCeleb2 [J. S. Chung et al.

2018].

Stage 1. Collection of videos. The first stage is to obtain a list of videos. We

start from a number of keywords including ‘panel debate’ and ‘discussion’ in order

to obtain videos where multiple people are talking alternately or at the same time.

The list of videos is obtained by searching the keywords on YouTube, and duplicate
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URLs that appear in the search results of multiple keywords is removed. Moreover,

we remove the videos that are identical or very similar in content based on tf-idf

features [Teller 2000] extracted from the YouTube auto-generated subtitles. The

list contains a range of videos, ranging from US presidential debates and talk shows

to documentaries.

Stage 2. Shot detection. Shot boundaries are then determined to find within-

shot frames for which face tracking is to be run. The boundaries are found by

comparing intensity and brightness across consecutive frames [Castellano 2020].

Stage 3. Face detection and tracking. A CNN face detector based on the

Single Shot Scale-invariant Face Detector (S3FD) [S. Zhang et al. 2017] is used

to detect faces on every frame of the video. This detector allows the detection of

faces at various scales and poses. Within each shot, face detections are grouped

together into face tracks using a position-based tracker, as in [Nagrani et al. 2017;

J. S. Chung et al. 2018].

Stage 4. Face-track clustering. A face recognition CNN is used to extract

embeddings for every face track. The network used here is based on the ResNet-

50 [K. He et al. 2016] trained on the VGGFace2 dataset. The embeddings are

extracted 5 times per face track at uniform intervals, and then averaged. The

embeddings are clustered using Agglomerative Hierarchical Clustering [Day and

Edelsbrunner 1984], but a large penalty is added to the distance matrix between

overlapping face track so that they are never clustered together.

Stage 5. Active speaker detection (ASD). The goal of this stage is to deter-

mine if the visible face is the speaker. Two systems are used for this purpose. The

first method uses a variant [S.-W. Chung et al. 2019] of SyncNet [J. S. Chung and

Zisserman 2017], which is a two-stream CNN that determines the active speaker

by estimating the correlation between the audio track and the mouth motion of the

video. The second method isolates the speech of the target speaker from a mixture

of sounds using an audio-visual speech enhancement (AVSE) network [Afouras et

al. 2018b] then uses an off-the-shelf voice activity detector, WebRTC [Johnston

and Burnett 2012], to determine the speech segment.
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Each method has its weaknesses – the SyncNet ASD activates when the phoneme

in the background speech matches the viseme shown on the target face since the

model does not consider temporal context; the WebRTC voice activity detector

is often activated from the residual signal left in the AVSE output which, despite

the reduced power, causes false alarms. Therefore, a face track is considered to be

speaking only if both of the methods agree, which helps reduce false alarms from

laughter and music.

Stage 6. Labelling off-screen speech. A pre-trained speaker recognition

model [J. S. Chung et al. 2020b] is used to verify the identity of speech that

comes from off-screen speakers. Any parts of the audio with positive voice activity

detector (VAD) output, but with no visible active speaker is considered to be

an off-screen speech segment. Speaker embeddings are extracted for the whole

video, then the off-screen speech segments are compared to all speech segments

with visible active speaker using the cosine distance between the embeddings. If

the cosine distance is below a threshold, the off-screen segment is assigned to the

speaker; if not, the segment is left as unknown for the human annotator to verify.

This procedure is closely related to the multi-modal diarisation method of [J. S.

Chung et al. 2019].

Discussion. In creating the VoxCeleb datasets, very conservative thresholds

were used in both active speaker detection and face verification, since it was neces-

sary to be very certain about the speaker labels without any human intervention.

This is, however, at the cost of high false rejection, which meant that a large

number of true speech segments were discarded.

In contrast, a speaker diarisation dataset must contain continuous audio recording

with different identities speaking in turns. Therefore, we cannot discard parts of

video based on low confidence, but the entire video must be labelled in full. The

thresholds are optimised to minimise the overall Diarisation Error Rate (DER)

(see section 7.5), since high false alarms and high false rejections both lead to

increased man-hours during the manual verification and correction stage. Note

how our pipeline consists of two ASD methods, as we show later, this redundancy

is beneficial for performance.
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6.4.2 Manual verification

The output of the automatic pipeline has been checked and corrected by the au-

thors of this paper using a customised version of the VGG Image Annotator [Ab-

hishek Dutta and Zisserman 2019; A. Dutta et al. 2016]. This was done so that

the authors can identify the failure modes and make guidelines for the external

annotators when the process is scaled up. The tool allows the user to watch and

verify the annotation at various speeds, and with aid of video.

During the annotation process, a number of failure modes were identified. The

most common is non-visible speech segment assigned to the wrong speaker, but

false alarm of the VAD and missed overlapped speech are also relatively common.

Guidelines. Speech segments are split when pauses are greater than 0.25 sec-

onds. Unlike some previous datasets in diarisation, laughter is not assigned to

identities, as it is difficult to assign an accurate label to audience laughter. Any-

thing that can be transcribed, including short utterances such as ‘yes’ and ‘right’,

are considered to be speech. Known speakers are named in the annotation process

to facilitate easier cross-checking. The annotators are asked to be as careful as

possible that the marked boundaries are within 0.1 seconds of the true boundary.

Quality check. In order to verify the quality of manually checked annotations,

a subset of the data has been labelled independently by two different annotators.

This subset contains 1 hour of material from 15 YouTube videos. The diarisation

error rate between the two annotations is approximately 1%, using the labels from

one annotator as the reference and the other as the prediction. This error can be

mostly attributed to disagreements on the source of off-screen speech segments.

Discussion. Diarisation labels for ‘in the wild’ conversations are difficult to ob-

tain. It is almost impossible to manually annotate the segments in our dataset

without the video. Even with the video, it can take 10 times the video duration

to annotate segments to satisfactory quality if starting from scratch, particularly

for many speakers. In contrast, the verification of our audio-visual method out-

put takes around twice the video duration, and is possible with less experienced

annotators.
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The time taken to annotate correlates strongly to the quality of the output from

the automatic method. The first few videos in the development set were anno-

tated with initial hyperparameters that gave relatively poor performance. The

diarisation labels were then manually fixed, and the parameters were re-tuned on

this data to minimise the diarisation error rate. More videos were then generated

using the new set of parameters and this process was repeated a few times. While

it is possible that some types of errors are more time-consuming for humans to

fix compared to others, we have observed that the annotation became faster after

each iteration.

6.5 Experiments

We compare our audio-visual method to an audio-only DIHARD 2019 baseline,

and also compare performance to two ablations.

DIHARD 2019 baseline. The second DIHARD [Sell et al. 2018; Ryant et al.

2019] challenge provides a baseline system based on the JHU submission of the

first DIHARD challenge. We use this public code1 as an audio-only baseline.

The overall procedure is as follows. Speech segments are obtained using VAD,

and divided into short overlapping segments (1.5s with 0.75s overlap). Speaker

embeddings are extracted using the x-vector [Snyder et al. 2018] system, and the

similarities between the embeddings are scored with a pre-trained probabilistic

linear discriminant analysis (PLDA) [Ioffe 2006; Kenny et al. 2013] model also

provided in the code. Segments are then grouped using agglomerative hierarchical

clustering (AHC) based on PLDA scores. We report the best performance by

tuning the threshold of the AHC on the development set.

Two variants are compared, with and without the speech enhancement module [L.

Sun et al. 2018] which has been made publicly available 2. The system uses a

Long short-term memory (LSTM) based speech denoising model trained on sim-

ulated training data. This model shows state-of-the-art performance on speech

enhancement, and has shown its effectiveness for diarisation in the first DIHARD

challenge.
1https://github.com/iiscleap/DIHARD_2019_baseline_alltracks
2https://github.com/staplesinLA/denoising_DIHARD18
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Table 6.3: Results on the dev set using baseline methods and our proposed audio-
visual method. All values are in %. MS: missed speech; FA: false alarm; SC:
speaker confusion; DER: diarsation error rate (where DER = MS + FA+ SC).
For each metric, the lower the better. † Audio-only baselines.

Name MS FA SC DER

DIHARD 2019 baseline [Sell et al. 2018] † 11.1 1.4 11.3 23.8
DIHARD 2019 baseline w/ SE [Sell et al. 2018; L. Sun et al. 2018] † 9.3 1.3 9.7 20.2

Ours (SyncNet ASD only) 2.2 4.1 4.0 10.4
Ours (AVSE ASD only) 2.0 5.9 4.6 12.4
Ours (proposed) 2.4 2.3 3.0 7.7

Ablations. A crucial design choice that we made is that we used two active

speaker detection methods, and a segment was only marked positive when both

methods gave a positive output. We consider two ablations of our method – one

using only SyncNet-based ASD, and the other using only AVSE-based ASD.

Evaluation protocol. Methods are evaluated on the VoxConverse development

set. We use the diarisation error rate (DER), defined as the sum of missed speech

(MS), false alarm speech (FA), and speaker misclassification error (speaker confu-

sion, SC). A forgiveness collar of 0.25 seconds is applied in order to compensate

for small inconsistencies in annotation.

Training. All thresholds are tuned on the VoxConverse development set. The

AHC threshold for speaker clustering is the only hyperparameter to be tuned in

the audio-only baseline. The audio-visual method requires three key thresholds

– cosine distance for face clustering, SyncNet confidence for active speaker de-

tection, and cosine distance for speaker identification. The first of these affect

performance the most, since any error in the identity clustering directly causes

speaker confusion.

Results. Table 7.3 shows the results of all the evaluations. Our audio-visual

method obtains a DER much lower than the audio-only state-of-the-art baselines,

showing the efficacy of using visual information for diarisation on this dataset.

The ablation analysis for the ASD methods proves the effectiveness of using two

active speaker detectors – the combined method has a significant decrease in false

alarm rate for only a small increase in missed speech.

With regards to the difficulty of VoxConverse, we note that the DIHARD 2019
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baseline obtains a DER of about 20% on our dataset (Table 7.3), and hence there

is a lot of room for improvement. While this is lower than the 26% that the

same model achieves on the extremely challenging DIHARD development set (with

ground truth VAD), we hypothesize that this difference may be attributed to the

use of a 0.25-second forgiveness collar in our evaluation protocol.

6.6 Conclusion

We have developed a high performance audio-visual algorithm for automated di-

arisation, and used it to generate a new speaker diarisation dataset, VoxConverse

from ‘in the wild’ videos. The pipeline is fully scalable and effective across a range

of domains. VoxConverse currently contains 70 hours of annotated video, but we

are in the process of scaling up. The data was used in the second VoxCeleb Speaker

Recognition Challenge in October 2020 and, after that, was released publicly to

the research community free of charge.
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Abstract

The goal of this work is to investigate the performance of popular speaker

recognition models on speech segments from movies, where often actors in-

tentionally disguise their voice to play a character. We make the following

three contributions: (i) We collect a novel, challenging speaker recognition

dataset called VoxMovies with speech for 856 identities from almost 4000

movie clips. VoxMovies contains utterances with varying emotion, accents

and background noise, and therefore comprises an entirely different domain

to the interview-style, emotionally calm utterances in current speaker recog-

nition datasets such as VoxCeleb; (ii) We provide a number of domain adap-

tation evaluation sets, and benchmark the performance of state-of-the-art

speaker recognition models on these evaluation pairs. We demonstrate that

both speaker verification and identification performance drops steeply on

this new data, showing the challenge in transferring models across domains;

and finally (iii) We show that simple domain adaptation paradigms improve

performance, but there is still large room for improvement.

∗Equal technical contribution. † Now at Meta AI. ‡ Now at Google Research.
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7.1 Introduction

After hearing the actor Steve Martin’s smooth American accent on the Ellen show,

is it possible to recognise that he is the voice behind ‘Inspector Jacques Clouseau’,

the comical French character in the movie ‘Pink Panther’, without access to his

visual appearance? Or recognise Anne Hathaway’s voice in the movie ‘Les Mis-

érables’, where she plays ‘Fantine’, singing through tears about her sadness and

desperation? In this paper we investigate the challenging task of speaker recogni-

tion for actors from two different domains – the first being when they are speaking

‘naturally’ in interviews, and second while playing a part in a movie, where they

may be intentionally modifying their voice in order to play the role of a character

or show emotion.

While recent years have shown great successes in speaker recognition [Snyder et al.

2018; Garcia-Romero et al. 2020; Wan et al. 2018; J. S. Chung et al. 2020b], these

successes have been reliant on the collection of large, labelled datasets such as

VoxCeleb [Nagrani et al. 2017; J. S. Chung et al. 2018; Nagrani et al. 2019] and

others [McLaren et al. 2016; Fan et al. 2020]. The VoxCeleb datasets, while valu-

able, have been collected entirely from interviews of celebrities in YouTube videos

and are limited in terms of linguistic content (celebrities mostly speak about their

professions [Nagrani et al. 2020a]), emotion, and background noise. In contrast,

movies contain speech covering emotions such as anger, sadness, assertiveness, and

fright, and varied background conditions – imagine the shouting in a violent scene

from an action movie, or a romantic scene of reconciliation in a romcom. As we

show in this paper, models trained on VoxCeleb, when applied to a novel domain

such as speech in movies, suffer from significant degradation in performance. In

order to accurately measure this, there is a compelling need for real-world datasets

and evaluation sets across these domains. Collecting and annotating datasets for

every new domain encountered in the real-world, however can be an extremely

expensive and time-consuming process. We introduce a scalable method to auto-

matically generate data in a new domain (movies), and investigate the performance

of state-of-the-art speaker recognition models on this data, where actors are in-

tentionally disguising their voice. Being able to detect human identity under such

conditions of spoofing is valuable for security and authentication [Cai et al. 2017;

Z. Chen et al. 2017; Das et al. 2019], and as shown by psychology studies [Re-
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ich and Duke 1979; Hirson and Duckworth 1993], is a challenging task even for

humans.

In order to encourage research in domain adaptation for speaker recognition, we

make the following three contributions: (i) We collect a novel speaker recognition

dataset called VoxMovies, from 3,792 popular movie clips uploaded to YouTube.

Our dataset consists of almost 9,000 utterances from 856 identities that appear in

the VoxCeleb datasets, and contains challenging emotional, linguistic and channel

variation (Fig. 7.1); (ii) We provide a number of domain adaptation evaluation sets,

and benchmark the performance of state-of-the-art speaker recognition models on

these evaluation pairs. We demonstrate that performance drops steeply on this

new data for both speaker verification and identification, showing the challenge

in transferring models across domains (from interviews to movies). We also inves-

tigate performance on positive pairs sampled across different movies, and reveal

further performance drops; and finally (iii) We demonstrate that domain adapta-

tion approaches added on top of already trained models improve performance, but

there is still a severe degradation.

VoxMovies has been used to create a challenging test set for the VoxCeleb Speaker

Recognition Challenge [Nagrani et al. 2020b] (VoxSRC2020)1. Data: https://

www.robots.ox.ac.uk/~vgg/data/voxmovies/.

7.2 Related Work

Due to the reliance of machine learning on large, labelled datasets, domain adap-

tation has become popular in fields such as computer vision [Tzeng et al. 2017;

Hoffman et al. 2018], text classification [P. Liu et al. 2017; Yuan Zhang et al.

2017], speech enhancement [Liao et al. 2018; Meng et al. 2018] and speaker ver-

ification [Garcia-Romero and McCree 2014; Garcia-Romero et al. 2014a; Garcia-

Romero et al. 2014b]. Recent interest in domain adaptation for speaker recognition

has largely focused on boosting the performance on datasets such as NIST-SRE16

or Speakers in the Wild (SITW) [McLaren et al. 2015], which does not have a large

training set. In this case, most methods train on VoxCeleb [Nagrani et al. 2017;

J. S. Chung et al. 2018] and evaluate on these evaluation sets.
1http://www.robots.ox.ac.uk/ vgg/data/voxceleb/competition2020.html
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2019

Figure 7.1: Domain Gap between VoxCeleb and VoxMovies: Unlike VoxCeleb
(left in each panel), which consists of utterances from interviews, VoxMovies is sourced
from movies of different genres (right in each panel). While VoxCeleb features utter-
ances largely with calm, unvaried emotions, VoxMovies has challenging emotion and
background noise. We show only a single frame for each utterance, below which is the
name and genre of the film/video. VoxMovies contains 24 utterances from 5 movies for
Anne Hathaway, including singing in the musical, ‘Les Misérables’, reading in an En-
glish accent in ‘Becoming Jane’, and arguing heatedly in an American accent in ‘Ella
Enchanted’. Samuel L. Jackson has 59 utterances from 14 movies, including his famous,
assertive speech in ‘Pulp Fiction’ and bragging as an arrogant policeman in ‘The Other
Guys’.

Recent methods focus on adversarial training techniques, with [Qing Wang et al.

2018] introducing domain adversarial training that exploits domain prediction,

and [Luu et al. 2020] proposing a channel adversarial training method by adding

a channel discriminator to mitigate the domain mismatch problem by using the

video labels in VoxCeleb, with both works [Luu et al. 2020; Qing Wang et al.

2018] using gradient reversal layers. [Rohdin et al. 2019] proposes an end-to-end

domain adversarial training method adopting the architecture of Wasserstein Gen-

erative Adversarial Network (GAN) [Arjovsky et al. 2017] with adversarial domain

loss and cross-entropy loss. It significantly improves the performance on language

adaptation. [Bhattacharya et al. 2019a] also introduces a domain adaptation tech-

nique to new language or recording conditions by using a Domain Adversarial

Neural Speaker Embeddings (DANSE) model which contains a 1-dimensional self-

attentive residual block. [Bhattacharya et al. 2019b] explores various GANs to

make the domain discriminator unable to distinguish whether embeddings are

from the source or target domain. [Kang et al. 2020] exploits Model-Agnostic

Meta-Learning (MAML), projecting speaker representations to a generalized em-

bedding space and achieves better results on CNCeleb dataset [Fan et al. 2020].

Other research methods train channel-invariant, noise-robust speaker recognition

models which can help improve the overall performance of the model in diverse do-
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mains. [Jianfeng Zhou et al. 2019] shows a multi-task learning method that trains

both a speaker recognition network and a discriminator that distinguishes types

of noise in speaker representations. [J. S. Chung et al. 2020a] also tackles a similar

problem by using an environment network and a KL-divergence based confusion

loss to learn speaker-discriminative, environment-invariant representations.

Unlike existing works, we provide novel domain data for the same identities as

in VoxCeleb, allowing us to investigate both cross-domain speaker verification,

where pairs have one segment from either domain, and cross-domain identification,

where speaker identification models are tested on a new, previously unseen domain.

Both have not been previously possible. We focus on the domain adaptation from

interviews to movies for male and female actors (explored for faces in [Nagrani and

Zisserman 2017]). We propose and benchmark on such evaluations conditions, and

additionally on several within-domain verification tasks.

7.3 Cross-Domain Data

Our goal in this work is to investigate the effects of cross-domain speaker verifica-

tion in movies. The domain change we focus on here is from YouTube interviews

(domain D-I), to speech in different genres of movies (domain D-M). The data for

the two different domains are sourced as follows:

D-I: Interviews from VoxCeleb [Nagrani et al. 2017; J. S. Chung et al.

2018] These datasets are sourced solely from interviews uploaded to YouTube.

These are mainly in studio, outdoor or red-carpet locations. In turn, and due to

the often professional context, voices are mainly calm and rarely show any strong

emotion. These utterances are degraded with real world noise that would be ex-

pected from these environments, such as background chatter or laughter.

D-M: Movies from CMD [Bain et al. 2020] (VoxMovies) For the second do-

main, we curate a dataset of speech from movies, called VoxMovies, which consists

of 8,905 utterances for 856 different identities, sourced from 3,792 video clips from

1,452 movies. These movies cover a range of genres (see Figure 7.2). The utter-

ances in VoxMovies are sourced from the Condensed Movies dataset (CMD) [Bain

et al. 2020], which covers the key scenes from movies. The distinctive change of

domain can be seen in the following characteristics of VoxMovies:

139



(1) Emotion: In line with different movie genres, the utterances cover emotions

such as anger, sadness, assertiveness, and fright. Furthermore, the videos in CMD

represent scenes that are integral to the story-line and the different character de-

velopments, such as a fight between two main characters, or when they make up

later in the film. Hence the utterances in the dataset often capture the most emo-

tional parts of each movie.

(2) Background noise: Each key scene in the CMD dataset covers many differ-

ent settings, from a loud basketball stadium in Coach Carter, to an 18th century

gathering in Becoming Jane (see Figure 7.1). This represents a far more varied set

of degradation for each of the utterances. Also, there is often background music.

Importantly, in VoxMovies this variety of emotion and background noise is seen

both within and across different identities. Firstly this is because on average each

identity has utterances from 2.7 different movies (see Table 7.1), and these movies

are likely to be of different genres. Secondly, the videos in this dataset show

the important character arcs of these identities within each movie, where they

show different emotions at different points in the story-line. Examples and further

details can be found in Figure 7.1.

Note that the utterances in VoxMovies are all from identities that are represented

in VoxCeleb1 and VoxCeleb2. We create an evaluation set, VoxMovies-(Test),

featuring identities from VoxCeleb1. We also provide a small amount of VoxMovies

data for training domain adaptation methods, VoxMovies-(Train), using a subset

of the identities in the VoxCeleb2 dev set. There is no identity overlap between

these partitions. Statistics are shown in Table 7.1.

7.4 Dataset Collection Pipeline

Our dataset collection pipeline is similar to the one used to collect the VoxCeleb

datasets, albeit applied to YouTube clips of movie scenes from the Condensed

Movies Dataset (CMD) [Bain et al. 2020], described below.

Condensed Movies Dataset. CMD [Bain et al. 2020] consists of key scenes

from over 3K movies, totalling 1,270 hours. Provided alongside the dataset are

cast lists for each of the featured movies, face-tracks for each of the clips, and face

embeddings for discriminating identity for each of these face-tracks. The cast lists
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Figure 7.2: Statistics of the VoxMovies dataset. (a) The different movie
genres that the utterances in VoxMovies are sourced from, and (b) the distribution
of utterance lengths. The minimum length is 2 seconds by design choice.

Partition ID Source IDs # Utter. Clips
/ ID

Movies
/ ID

VoxMovies-(Test) VoxCeleb1 485 4,943 5.1 2.7
VoxMovies-(Train) VoxCeleb2 371 3,962 5.0 2.5

Table 7.1: Dataset Statistics for VoxMovies. The utterances are sourced from
the Condensed Movies Dataset [Bain et al. 2020], which contains clips of key scenes
from movies. Identities (IDs) overlap with the VoxCeleb1 (test) and VoxCeleb2
(dev) datasets.

give the names of people who are likely to appear in the clip. Our three stage

method for collecting VoxMovies is as follows:

Stage 1. Sourcing candidate names. We compute the intersection between

the VoxCeleb1 and VoxCeleb2 identities and the CMD cast lists.

Stage 2. Face verification. In this stage, face-tracks from the CMD dataset

are classified as to whether they depict any of the candidate names from the

previous stage using a three step process. (1) Example face images for each of the

candidate names for the train and test set are sourced from the VGGFace2 [Cao et

al. 2018] and VGGFace1 [Parkhi et al. 2015] datasets (these face datasets contain

the same identities as the VoxCeleb2 and VoxCeleb1 datasets respectively). (2)

256D Embeddings are taken from the final hidden layer of a SE-Net50 architecture

CNN for each of the face images, trained for discriminating face-identity using the

VGGFace2 dataset [Cao et al. 2018]. For each identity, these embeddings are

average pooled across all example face-images and L2 normalised, leaving one

embedding per identity. (3) Verification is performed by computing the cosine
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Eval.
set

Positives
Source

Negatives
Source # Utter. # Positive

Pairs
# Negative

Pairs

E-1 D-M (same) D-M 20,572 10,286 10,286
E-2 D-I, D-M D-I, D-M 46,578 23,289 23,289
E-3 D-I, D-M D-I 46,804 23,402 23,402
E-4 D-I, D-M D-M 46,866 23,433 23,433
E-5 D-M (diff) D-M 41,090 20,545 20,545

Table 7.2: Statistics for the different evaluation sets: Our evaluation sets are
sourced from two different domains, interview material (D-I) and movie material
(D-M). Key: Utter.: Utterances., D-M (same): Segments in a pair are sourced
from the same movie, D-M (diff): Segments sourced from different movies.

similarity between the identity embeddings and the face-track embeddings from

CMD. Any face-track with a similarity to an identity embedding above a high

threshold is assigned that name.

Stage 3. Active speaker verification. Here we identify which face-tracks from

the previous stage are speaking. This is performed using an audio-visual synchro-

nisation network [S.-W. Chung et al. 2019], which predicts the correlation between

the audio track and the motion of the mouth, and outputs a synchronisation con-

fidence score for each 5 frame window. A window with confidence above a high

threshold is classified as speaking. Face-tracks with a minimum of 2 seconds of

consecutive speech are kept, and the audio track is clipped to the speaking period.

See Figure 7.2 for a histogram of segment lengths.

Discussion. A manual check of VoxMovies-(Test) reveals that the automated

process has a precision of > 99%. The < 1% false positive face verifications, or

false positive active speaker verifications are manually removed. The high thresh-

olds for stages 2 and 3 are chosen as 0.55 and 0.13, respectively. These values

(both cosine similarity) achieved high precision on a manually labelled validation

set. As shown in Table 7.1, VoxMovies-(Test) has slightly more utterances than

VoxMovies-(Train). This is due to the fact that a larger proportion of the identities

in VoxCeleb1 are well-known actors than in VoxCeleb2, and hence they appeared in

more of the movies in CMD. Impressively, on average, each identity has utterances

from 2.7 different movies, with Robert DeNiro appearing in 25 movies.
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7.5 Experiments

7.5.1 Evaluation Tasks

Our goal is to determine the performance of state-of-the-art models trained on the

VoxCeleb2 dev set for speaker recognition performance on data from the movie

domain (D-M).

Verification: We use the VoxCeleb1 and VoxMovies-(Test) datasets for evalua-

tion, as these sets have no overlap with the identities in the VoxCeleb2 dev set

(which is used to train all baselines). Given the two domains (D-I and D-M), we

note that there are three different ways that pairs can be sourced for evaluation:

pairs can be sourced entirely from D-I, entirely from D-M, or from both, where one

utterance is from D-I and one is from D-M. For positive pairs sourced from D-M,

we can add the further constraint that both utterances must come from the same

movie (D-M (same)) or from different movies ( D-M (diff)). We use these options

to create 5 challenging evaluation sets E1-E5 (Table 7.2), of increasing difficulty.

More details are provided in Section 7.6.

Identification: We also demonstrate domain mismatch from VoxMovies and Vox-

Celeb, with speaker identification. Here we add a single linear layer on baseline

models trained on VoxCeleb2 dev set for verification. The task is to fine-tune

this layer with the cross-entropy loss using utterances from 485 speakers in the

VoxCeleb1 dataset (using only the training data from the identification split, see

Table 5 in [Nagrani et al. 2017]). We then test performance using the VoxCeleb1

identification test data (in-domain test set) and the utterances from VoxMovies

(out of domain test set).

Evaluation Metrics: For verification, we report equal error rate (EER- %) and

minimum detection cost (minDCF) with Cmiss = 1, Cfa = 1 and Ptarget = 0.05.

The formula of minimum detection cost function is the same as the one used

in NIST SRE [NIST 2018 Speaker Recognition Evaluation Plan 2018] and the

VoxSRC2020 evaluations. For identification, we report top 1 and top 5 % accuracy.
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Eval set I-vec. [Dehak et al. 2010] X-vec. [Snyder et al. 2018] Thin-R34 [Cai et al. 2018] Thick-R34 [Heo et al. 2020]
EER DCF EER DCF EER DCF EER DCF

VoxCb1† 5.53 0.336 3.30 0.220 2.05 0.166 1.05 0.084
VoxCb1-H† 9.13 0.467 5.82 0.352 4.37 0.283 2.39 0.154
VoxCb1-E† 5.55 0.338 3.35 0.221 2.27 0.164 1.22 0.086

VoxSRC20* 11.07 0.566 8.22 0.450 6.35 0.374 3.79 0.213

E-1 16.6 0.727 12.92 0.665 9.72 0.562 6.09 0.365
E-2 17.91 0.822 14.75 0.712 10.58 0.610 7.40 0.423
E-3 18.91 0.917 13.58 0.806 10.58 0.666 7.50 0.484
E-4 19.83 0.872 21.56 0.845 12.52 0.737 9.23 0.579
E-5 21.5 0.913 17.97 0.861 14.11 0.760 10.47 0.574

Table 7.3: Baseline results on various VoxMovies test evaluation pairs.
We show the performance of 4 popular state-of-the-art speaker recognition mod-
els. † Cleaned versions of these evaluation pairs from the VoxCeleb1 dataset.
*VoxSRC2020 validation set1.

7.5.2 Baseline models

We compare four baseline models to investigate the performance on our dataset.

All models are trained on the VoxCeleb2 dev set.

1. I-vector [Dehak et al. 2010]: Following the Kaldi [Povey et al. 2011] Vox-

Celeb recipe v1, we extract 400D features, followed by Probabilistic LDA (PLDA)

scoring.

2. X-vector [Snyder et al. 2018]: Following the Kaldi [Povey et al. 2011] VoxCeleb

recipe v2, we train a x-vector model with a PLDA back-end to extract 512D

features.

3. Thin ResNet-34 [Cai et al. 2018]: Consists of 34 residual blocks (one-fourth

of the channel dimensions of original ResNet-34 [K. He et al. 2016]), with self-

attentive pooling. [J. S. Chung et al. 2020b] trains this network with an angular

variant of the prototypical loss. We use the pre-trained model which is publicly

available [J. S. Chung et al. 2020b].

4. Thick ResNet-34 [Heo et al. 2020]: This has double the number of channels

in Thin ResNet-34 and uses attentive statistical pooling to model higher order

statistics such as standard deviation. The model is trained with both angular

prototypical loss and vanilla softmax loss to improve performance. We use the

pre-trained model which is publicly available [J. S. Chung et al. 2020b]. This

model currently represents the state-of-the-art on the VoxCeleb1 test sets. 512D

features are extracted for both thick and thin ResNet-34 architectures.
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Evaluation set Top1 accuracy Top5 accuracy

VoxCeleb1-test† 89.47% 97.38%
VoxMovies-(Test) 52.23% 73.31%

Table 7.4: Identification results for 485 identities on the VoxMovies-(Test) set (out
of domain) and on the VoxCeleb1 test set (same domain). Note how performance
drops steeply on the out of domain test set. † VoxCeleb1 test set for identification.

Eval set Baseline FT S-norm FT + S-norm

E-1 6.09 5.76 5.89 5.66
E-2 7.40 7.10 7.18 7.03
E-3 7.50 8.38 8.16 8.48
E-4 9.23 7.37 8.03 7.19
E-5 10.47 9.55 10.15 9.35

E-3a 1.15 1.53 1.29 1.58
E-3b 0.87 0.97 0.68 0.98
E-3c 7.72 9.90 9.64 10.23

Table 7.5: Domain transfer results for Thick ResNet-34. EER(%) is reported. FT:
Fine-tuning on the VoxMovies-(Train) set. S-norm: Score-normalisation.

7.5.3 Domain Transfer

In this section, we implement two common domain transfer methods using the

small amount of data provided in the VoxMovies-(Train) set.

Fine-tuning on a small amount of target domain data. We fine-tune the

pretrained Thick-ResNet34 with data from the VoxMovies-(Train) set and the

VoxCeleb2 dev set (overlapping speakers only). To decrease the domain gap be-

tween the datasets, we always pick one utterance from VoxMovies and another

from VoxCeleb2 to form positive pairs in each mini-batch. This forces the model

to decrease the distance between embeddings from the same speaker’s utterances,

hence reducing the domain gap during training. The network is trained with an-

gular prototypical loss [J. S. Chung et al. 2020b], for 500 epochs using Adam with

learning rate of 1e-5. Only the last fully-connected layer is fine-tuned while weights

of other layers are fixed.

Score Normalisation. [Matejka et al. 2017] introduces various score normali-

sation techniques for test conditions with diverse domains. A cohort is used to

estimate the amount of shift and scale for normalisation, allowing robust threshold

setting. We experiment with the Z-norm, T-norm and S-norm, and find the best

performance to be using the S-norm (Sec.2 in [Matejka et al. 2017]). We use

the VoxMovies-(Train) set as the cohort (speakers in the VoxMovies-(Train) and
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(Test) sets are disjoint, which fits the assumption of cohort selection).

7.6 Results

Verification using Baseline Models. The results for the baseline models on

the different verification tasks are given in Table 7.3. The change of domain in

the VoxMovies evaluation sets offers a significant challenge – the Thick ResNet-34

which achieves an impressive 1.05 EER on the VoxCeleb1 test set can only achieve

6.09 EER on the least challenging set, E-1. When comparing eval sets that share a

positives or negatives source (see Table 7.2), several conclusions are made: (1) Ver-

ifying the same speaker with cross domain utterances (D-I, D-M - E-4) is harder

than with utterances from the same movie (D-M (same) - E-1). Interestingly,

this shows that the change in an actor’s voice from a calm interview setting in

D-I to strong emotions, accents and different background noise in D-M, is more

challenging for speaker verification than the differing emotions in an actor’s voice

within the same movie at different points in the story-line. Furthermore, the same

speaker from different movies ( D-M (diff) - E-5) is harder still, showing that an

actor’s voice changes most between different movies. (2) Negative pair verification

is hardest when the negatives are both taken from the unseen domain, D-M (E-4).

This is more difficult than when they are taken from D-I (E-3) or D-I, D-M (E-

2), which are of roughly equal difficulty to the Thick ResNet-34. This is largely

because the baseline models were trained on D-I, so any source of negatives or

positives exclusively from that domain will be less challenging.

Identification. We use the Thin ResNet-34 model for identification. Table 7.4

shows identification accuracy on both domains. As expected, the identification

accuracy drops significantly from VoxCeleb1-test to VoxMovies-(Test) by 37.24%

(top1% acc.). Anne Hathaway is one of the hardest to identify (top1 acc. 29.17%

- down from 90% in VoxCeleb1-test), whereas Samuel L. Jackson is easier (acc.

100% drops to 72.88% in movies). This may be due to Hathaway’s multiple ac-

cents in her movies (Fig. 7.1).

Domain Transfer. We report the results in Table 7.5. Fine-tuning with VoxMovies-

(Train) reduces the EER on most of the evaluation sets. The largest improvement

is seen in evaluation sets that showed the worst performance in baseline exper-

iments, namely by 2.04% in E-4 and 1.12% in E-5. Both E-4 and E-5 source
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negatives from D-M , showing that fine-tuning and score normalisation work well

when transferring existing models from D-I to D-M. E-3 on the other hand, which

sources negatives from D-I shows performance degradation. We conclude that

fine-tuning on D-M degrades the performance on negative pairs only from D-I. To

verify this conclusion, we introduce three new evaluation sets, E-3a (positives: D-I,

negatives: D-I), E-3b (positives: D-I, negatives: D-I, D-M), E-3c (positives: D-M,

negatives: D-I) in Table 7.5. The fine-tuned model becomes worse at verification

in D-I (as shown by the degradation of E-3a). Performance on negatives from D-I

contribute most to this (as shown by the degradation of E-3c, relative to E-3b).

7.7 Conclusion

In this paper, we provide a novel speaker recognition dataset from movies called

VoxMovies which contains almost 9,000 utterances with diverse emotion, accents

and background conditions. We demonstrate that state-of-the-art models trained

on interview data from VoxCeleb degrade significantly on cross-domain evalua-

tion sets from VoxMovies and while simple domain adaptation techniques boost

performance, there is still large room for improvement. We hence encourage the

research community to develop new methods and systems for this challenging new

domain.
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CHAPTER 8. EPIC-SOUNDS: A LARGE-SCALE DATASET OF ACTIONS THAT
SOUND

Chapter 8

Epic-Sounds: A Large-scale Dataset

of Actions that Sound

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

Acoustics, Speech, and Signal Processing (ICASSP), 2023.
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CHAPTER 8. EPIC-SOUNDS: A LARGE-SCALE DATASET OF ACTIONS THAT
SOUND

Epic-Sounds: A Large-scale Dataset Of Actions

That Sound

Jaesung Huh1∗ Jacob Chalk2∗ Evangelos Kazakos2

Dima Damen2 Andrew Zisserman1

1VGG, University of Oxford 2University of Bristol

Abstract

We introduce Epic-Sounds, a large-scale dataset of audio annotations

capturing temporal extents and class labels within the audio stream of the

egocentric videos. We propose an annotation pipeline where annotators tem-

porally label distinguishable audio segments and describe the action that

could have caused this sound. We identify actions that can be discrimi-

nated purely from audio, through grouping these free-form descriptions of

audio into classes. For actions that involve objects colliding, we collect hu-

man annotations of the materials of these objects (e.g. a glass object being

placed on a wooden surface), which we verify from visual labels, discard-

ing ambiguities. Overall, Epic-Sounds includes 78.4k categorised segments

of audible events and actions, distributed across 44 classes as well as 39.2k

non-categorised segments. We train and evaluate two state-of-the-art audio

recognition models on our dataset, highlighting the importance of audio-only

labels and the limitations of current models to recognise actions that sound .

∗Equal technical contribution.
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Figure 8.1: Sample video with corresponding audio from EPIC-KITCHENS-
100 [Damen et al. 2022]. We compare the already published visual labels with
our collected Epic-Sounds audio labels. We demonstrate the differences between
the modality annotations, both in temporal extent and class labels, highlighting:
Misaligned intervals: temporal boundaries are distinct; Invisible action: ac-
tion not seen in the video, but which produces distinct sounds (0-to-1 matching);
Indistinguishable sounds: sounds from two distinct visual actions, but are au-
dibly inseparable; Silent action: visual action that does not have audible sounds
(1-to-0); and visual actions containing multiple repetitive sounds (1-to-N).

8.1 Introduction

Humans perceive objects and actions through multiple senses, especially vision

and audition [Smith and Gasser 2005]. Inspired by this, a plethora of works aim

to solve various video understanding tasks, such as action recognition [Gao et al.

2020; Nagrani et al. 2020c; Nagrani et al. 2021] and detection [Tian et al. 2018;

Bagchi et al. 2021], by fusing the two modalities. These attempts are especially

common for egocentric video datasets due to the camera’s close proximity to the

ongoing actions resulting in clearer inputs, both visually and audibly. Research

has shown improved performance by using audio and video jointly in egocentric

data [Kazakos et al. 2019; Kazakos et al. 2021a; Ramazanova et al. 2023; Xiong

et al. 2022].

In general, these works make two key incorrect assumptions: First, that the visual

and auditory events temporally coincide; Second, that a single set of classes can

be used for both modalities, typically derived from vision. In practice, visual and

auditory events exhibit varied levels of both temporal and semantic congruence,

thus violating these assumptions (See Fig. 8.1). In the case of actions such as ‘close

bin’, the onset of the visual event can be defined as the time that the person grasps

the handle, whereas the onset of the audio event is delayed to the moment when

the lid of the bin slams. Some actions are audibly indistinguishable, e.g. ‘wash
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Name Source # hrs # seg. # cls Modality T D

DESED [Turpault et al. 2019] real + synth. 43h 8k 10 A ✓ N/A
URBAN-SED [Salamon et al. 2017] synth. 30h 50k 10 A ✓ N/A
TUT 2016 [Mesaros et al. 2016] real 2h 6.3k 18 A ✓ N/A
AudioSet [Gemmeke et al. 2017] YouTube 5833h 1.8M 632 A + V ✗ ✗
VGG-Sound [H. Chen et al. 2020] YouTube 550h 200k 309 A + V ✗ ✗
SSW60 [Van Horn et al. 2022] real 25.7h 9.2k 60 A + V ✗ ✗
LLP [Tian et al. 2020] YouTube 33h 19.4k 25 A + V ✓ ✗

Epic-Sounds home kitchens 100h 78.4k 44 A + V ✓ ✓

Table 8.1: Comparison to existing datasets. A: Audio. V: Video. T: Temporal
annotations. We showcase that Epic-Sounds is the only dataset with distinct
classes for audio and video modalities (D). We only report categorised segments
of Epic-Sounds here.

carrot’ vs ‘wash tomato’, as it is impossible to determine which vegetable is being

washed through sound alone. Consequently, using the visual temporal labels as

targets for training an audio classifier is often a flawed endeavour – the resulting

audio classifier will not be able to discriminate all of the visual events; and many

audio labels that could provide supervision for training are missed. Based on

these observations, we crowdsource temporal and semantic labels for the audio of

EPIC-KITCHENS-100 that are distinct from the visual ones.

However, as evidence suggests [VanDerveer 1979], humans perform poorly at recog-

nising objects and events using audio alone, making their annotation using only

audio challenging. Due to the lack of sufficient information in audio for inferring

fine-grained properties of events, humans tend to use vague terms for describing

them; e.g. when the interaction from the collision of two objects is indistinguish-

able from audio, annotators often describe the associated event as ‘clang’ or ‘bang’.

To alleviate this, we further augment these semantics with the materials of the ob-

jects that interact. We verify these from the video, discarding incorrect audio-only

material annotations.

In summary, we introduce Epic-Sounds, a large-scale dataset of daily-life sounds,

derived from the audio of EPIC-KITCHENS-100. Epic-Sounds contains 78,366

categorised sound events spanning over 44 categories, as well as 39,187 non-categorised

sound events, totalling 117,553 sound events across 100 hours of footage collected

in 700 videos from 45 home kitchens. The sound classes are based on descriptions

from only listening to audio, thus suitable for problems in acoustics such as au-

dio/sound recognition and sound event detection. Epic-Sounds is available from:

https://epic-kitchens.github.io/epic-sounds.
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8.2 Related Work

Sound event detection datasets. Sound Event Detection (SED) is the task

of detecting the onset and offset of audio events as well as recognising the event

within the detected boundaries. SED datasets [Turpault et al. 2019; Salamon et al.

2017; Mesaros et al. 2016] are similar to Epic-Sounds as these include annotations

of temporal boundaries of events, whereas sound recognition datasets [Piczak 2015;

Moreaux et al. 2019; Fonseca et al. 2022] do not. Nevertheless, they differ from

Epic-Sounds in several aspects. First, they are of smaller scale making the training

of modern architectures impractical. Second, [Turpault et al. 2019] and [Salamon

et al. 2017] contain synthetic audio, and therefore models trained on these datasets

generalise poorly to real recordings. Third, [Turpault et al. 2019; Salamon et al.

2017; Mesaros et al. 2016] contain sounds associated with generic scenes and events,

whereas Epic-Sounds focuses on fine-grained sounds generated from diverse audible

events in 45 home kitchens.

Audio-visual datasets. We compare Epic-Sounds to publicly available sound

recognition or detection datasets in Table 8.1. AudioSet [Gemmeke et al. 2017] is

the largest audio-visual dataset of audio events with 2.1M clips and 527 annotated

classes, while VGG-Sound [H. Chen et al. 2020] contains over 200K video clips and

300 audio classes. They are both collected from YouTube and each audio clip is 10s

long. Both do not have temporal annotations for events, and importantly, a single

set of annotations is collected for both modalities. The LLP dataset [Tian et al.

2020] is the closest to ours, in that both visual and auditory events are annotated

independently, providing separate temporal segments. However, unlike ours, both

modalities still share the same label set. Also, LLP is of smaller scale and contains

diverse events while Epic-Sounds focuses on sounds resulting from actions.

Fine-grained audio-visual datasets. The PACS dataset [S. Yu et al. 2022]

focuses on understanding the physical common sense attributes of objects shown in

the video, which is similar to our ‘material’ based annotation procedure. However,

these attributes are distinguished by 13.4K question-answer pairs; displaying the

video with and without audio, and then querying a variety of physical properties.

SSW60 [Van Horn et al. 2022] consists of 31K images, 3.8K audio and 5.4K videos

of 60 species of birds, proposed to facilitate works on fine-grained categorization
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Figure 8.2: Left: The percentage distribution of each audio class across the Epic-
Sounds dataset splits. Right: Class frequencies showcasing the long-tail distribu-
tion. C: represents a collision-based sound between objects of the same or two
distinct material types.

using audio-visual fusion. Both datasets do not contain temporal annotations of

sounds.

8.3 Epic-Sounds: dataset statistics

EPIC-KITCHENS-100. EPIC-KITCHENS-100 [Damen et al. 2022] is a large-

scale egocentric audio-visual dataset which contains 100 hours of videos containing

unscripted daily activities and object interactions in people’s kitchens. It consists

of 700 videos and 89,977 segments describing visual actions that occur. Actions

consist of verb and noun labels, where there are 97 verb classes and 300 noun

classes. The average action length is 2.6s. Since these actions are based only

on video, we emphasise that we do not refer to any of these labels during the

annotation process.

Epic-Sounds. The dataset consists of 78,366 categorised temporal annotations

with an average length of 4.9s, distributed across 44 classes. We match the train /

val / test splits from EPIC-KITCHENS-100, giving the per-class proportion across

splits in Fig. 8.2 (left). We divide the test split into two roughly even subsets:

one for audio-based interaction recognition, and one for audio-based interaction

detection. We release start/end times for the recognition subset, and keep those

for the detection hidden for the relevant challenge.
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Figure 8.3: Box plot for the lengths of the annotations over classes, ordered by the
median of their lengths. The majority of the classes, 30 (68%) are short-term, 11
(25%) are intermediate classes and only 3 (7%) are considered long-term (median
> 10s). C: collision-based sounds between objects of the same or two distinct
material types.

Class frequency is also shown in Fig. 8.2 (right), highlighting that Epic-Sounds

is naturally long-tailed. We also visualise the waveforms for a sampled subset

of the classes. Here, there are both classes which produce waveforms consistent

with short-term, percussive sounds such as all the collision-based classes, as well

as long-term sounds e.g. sizzling. We also visualise the length of the annotations

distributed across the classes in Fig. 8.3. Here, we sort the classes by the me-

dian of their lengths, t̃, and distinguish three categories: long-term (t̃ ≥ 10s);

intermediate (1s < t̃ < 10s); and short-term (t̃ ≤ 1s) classes. Long-term classes

relate to lengthier activities, such as cooking and hoovering. In the intermediate

classes, there are sounds such as scrub / scrape, or rustle, and then near instanta-

neous/percussive sounds in the short-term category, including all collision-based

classes.
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8.4 Data collection Pipeline

The data collection process is conducted through the collection of temporal seg-

ments of distinct sounds, described by free-form vocabulary, followed by clustering

generic sound categories into distinct classes. This section details this process, as

well as post-processing steps taken to refine the results.

8.4.1 Data collection of labelled temporal segments

The objective is to annotate all the distinctive audio events that occur across all

the videos in EPIC-KITCHENS-100. The annotation consists of the temporal in-

terval of the event, together with a free-form text description. As the video length

in this dataset varies greatly, from 30 seconds to 1.5 hours, we trim the videos into

a series of manageable lengths for annotations of 3-4 minutes. We deem our deci-

sion to only provide the audio stream as a key step so the annotators focus on the

temporal bounds of the acoustic event alone, rather than being biased by visual

and contextual information present in the video stream (consider the ‘misaligned

intervals’ example shown in Fig. 8.1, where visual and auditory temporal segments

do not align for the same event). However, the annotators are provided with the

plotted audio waveform to act as a visual guide to assist in targeting specific audio

signatures and streamline the annotation process.

Instructions to the annotators. We worked with 20 annotators hired from an

annotation company. We use a customised version of the VIA tool [Abhishek Dutta

and Zisserman 2019] to gather the annotations. Annotators are asked to listen to

the audio and detect any distinctive audio event. They then are instructed to mark

the start and end time of each distinctive sound they hear. Each segment is then

given a semantic label which best describes the annotator’s perception of the action

associated with the audio event. We impose no restriction on the vocabulary used,

so the annotators may describe this however they wish. As a guide, we provide a

list of sound labels that commonly occur in daily life, which the annotator may

refer to, though they are not required to explicitly choose from this list. We term a

segment-label pair as an ‘audio annotation’. A second annotator performs quality

assessment to the audio annotations produced by the first annotator, particularly
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focusing on any missed audio events.

For each unique label description, the VIA tool creates a separate time-line, effec-

tively grouping sequences of the same event. Note that sound events can overlap

in time. If two segments are less than 0.3s apart, we instruct the annotators to

merge the two segments as we deem them to belong to the same event. Addition-

ally, annotators are asked to identify consistent background sounds (or noise) that

occur throughout a large portion of the audio (e.g. radio, fan or washing machine).

The annotators were asked to tag these as ‘background’. The procedure described

thus far resulted in the annotation of 556 distinct sound descriptions.

Humans tend to use abstract words to describe sounds, such as ‘clang’ or ‘clatter’,

especially for those generated from the collisions between objects. To address this,

we use a customised LISA [VGG List Annotator (LISA) 2022] annotation interface

for annotating the material of the objects that collide based on audio. We instruct

annotators to select from a pre-specified list which materials are involved in the

collision. This list, along with examples of objects for each material, are provided

in Table 8.2. These cover all the materials popular in kitchens.

Annotators are encouraged to select one or more materials, or mark the material

as indistinguishable by choosing the ‘Can’t tell’ option. We drop the instances in

the latter case – as we believe these are unhelpful for sound or event understand-

ing tasks. However, some material sounds might be deceiving. For example, one

might perceive the material collision to be between a glass and a wooden object,

but in fact it’s food poured into a ceramic container. We thus ask annotators

to then visually verify their material annotations using the corresponding video.

Importantly, annotators have to listen and choose the perceived material first, and

cannot change these after watching the video. Instead, they select the actual ma-

terials involved when viewing the video. We only retain visually-verified collision

sounds – i.e. materials correctly perceived from the audio only, then verified from

the visual observation. We choose all collision material labels for which at least 40

examples are present. As a result, abstract labels related to collision (e.g. ‘clang/-

clatter’, ‘put objects on surface’) are clustered into 24 sound categories describing

the materials involved, such as C: metal-only, or C: plastic-wood. We use the

letter C to indicate these are collision-based classes.
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Material Example objects # of times selected

Metal metal or stainless steel 15523
Plastic plastic bowl, plastic container 5464
Ceramic ceramic cup, plate 2634
Wood wooden spatula, wooden table 2408
Paper kitchen roll, cardboard boxes 1253
Glass wine glasses, glass cup 1248
Stone / Marble kitchen worktops, marble tables 377
Cloth towels, teatowels, clothes 257
Others materials not listed above (e.g. food) 3596
Can’t tell cannot determine the material 10030

Table 8.2: Material options for collision sounds. We note # of time each material
was selected in collision sounds, and discard the sounds annotated with ‘Others’
or ‘Can’t tell’.

8.4.2 Post-processing Annotations

From labels to classes. We post-process the audio labels to fix spelling errors

and group semantic equivalences. For example, sounds like ‘buzzer’, ‘beep’ and

‘alarm’ are grouped into one beep class. Similarly, sounds described by the verbs

‘wipe’, ‘scour’, ‘scrape’ and ‘scrub’ are also grouped into a single class. We also

manually review tail instances to determine whether these form novel classes or

should be merged with others. In cases where the description was not meaningful,

the categorised annotation is dropped. For example, the sound ‘spray’ was con-

sidered a meaningful tail instance of an action that sounds. In contrast, the label

‘dog barking’ was discarded as it is not relevant to our context. This produces the

44 audio classes, as shown in Fig. 8.2.

Error checking audio classes. Due to differences in sound perception between

annotators, some errors exist amongst the classes. For example, where one annota-

tor hears a drawer being pulled and hence labels ‘open / close’, another may hear

‘drag object’ for a similar audio. To resolve such errors, we manually review each

of the labels in the test and validation set. Specifically, the following procedures

are conducted to correct samples in the validation and test set. (1) We ask annota-

tors to manually review all the val / test samples, providing them only sounds for

non-collision classes and sounds and corresponding video clips for collision classes.

(2) We collect the samples in which the first and second annotations are inconsis-

tent, and ask a new set of annotators to manually choose whether the 1st or 2nd

annotations are correct. The annotators could choose ‘can’t tell’ or ‘neither of the

two’. (3) We manually verify those decisions, and removed the samples from the
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Split Model Top-1 Top-5 mCA mAP mAUC

V
al

Chance - 7.71 30.95 2.29 0.023 0.500
SSAST [Yuan Gong et al. 2022] L 28.74 64.87 7.14 0.079 0.755

ASF [Kazakos et al. 2021b] L 45.53 79.33 13.48 0.172 0.789
SSAST [Yuan Gong et al. 2022] F 53.47 84.56 20.22 0.235 0.879

ASF [Kazakos et al. 2021b] F 53.75 84.54 20.11 0.254 0.873

R
ec

og
n
it

io
n

T
es

t

Chance - 7.85 31.91 2.39 0.024 0.500
SSAST [Yuan Gong et al. 2022] L 29.93 66.60 7.17 0.082 0.725

ASF [Kazakos et al. 2021b] L 45.00 78.98 15.00 0.183 0.788
SSAST [Yuan Gong et al. 2022] F 53.71 84.54 22.28 0.223 0.820

ASF [Kazakos et al. 2021b] F 54.45 85.17 20.41 0.254 0.852

E
nt

ir
e

T
es

t

Chance - 7.22 30.11 2.27 0.023 0.500
SSAST [Yuan Gong et al. 2022] L 27.50 65.55 6.68 0.080 0.741

ASF [Kazakos et al. 2021b] L 44.55 78.44 14.49 0.145 0.772
SSAST [Yuan Gong et al. 2022] F 53.75 83.76 20.76 0.237 0.860

ASF [Kazakos et al. 2021b] F 54.86 84.26 20.30 0.232 0.823

Table 8.3: Results of the Baseline Models on the Epic-Sounds validation, recogni-
tion test and entire test splits. L: Linear-Probe; F: Fine-Tuning.

val/test sets. For the training set, we utilise the overlaps between audio segments

and visual segments to select the samples for reviewing. We deem the use of the

visual labels acceptable for error correction, as the annotation process is complete.

Thus, utilising the visual labels for post-processing no longer compromises the

issues stated in Fig. 8.1.

We review all audio classes for which there exists a mapping to visual classes in

EPIC-KITCHENS-100. We identify two types of mapping, trivial; the audio class

itself already exists as a visual class e.g. ‘scrub’, and relational; the audio class does

not exist as a visual class itself but can be semantically mapped to one or more of

the visual classes, such as the audio class ‘click’ relating to the verb ‘turn on/off’ or

the noun ‘light switch’. We consider all annotations not labelled as the audio class

of interest, but which overlap with action clips containing its visual mappings. We

then manually assess each overlapping annotation, through listening to the audio

and determining the label’s correctness. We run this error checking cycle multiple

times to ensure all incorrectly classified instances are accounted for.

Non-categorised audio events. As a result of post-processing, there are audio

events that we recognise the sound exists but no semantic label matching the 44

classes could be given. These are samples we either could not assign class labels,

or collision sounds for which they could not be visually verified. We release these

temporal boundaries of these 39,187 samples as non-categorised.

158



8.5 Experiments and Results

This section describes how two state-of-the-art sound recognition models perform

on classifying Epic-Sounds. We assess models through performance metrics and

class confusion matrices.

Baselines. We train and evaluate the Auditory SlowFast (ASF) [Kazakos et al.

2021b] and Self-Supervised Audio Spectrogram Transformer (SSAST) [Yuan Gong

et al. 2022] audio encoder networks, with both a linear probe, i.e. by freezing the

model weights and only training the last classification layer, and by fine-tuning.

We also compare to a chance baseline. ASF is pretrained on VGG-Sound, and

SSAST is pretrained on AudioSet and LibriSpeech [Panayotov et al. 2015].

Audio processing. We follow the audio processing of [Kazakos et al. 2021b] for

extracting the input spectrograms for both models, noting that this outperformed

the default audio processing of SSAST (200× 128 spectrograms for 2s of audio, or

400×128 for 4s of audio sampled at 16kHz). Namely, audio is resampled at 24kHz

for both models. We randomly sample 2s of audio to create log-mel-spectrograms

with 128 Mel bands. If the audio annotation is shorter than 2s we pad the pro-

duced spectrogram with its last column. We use a window and hop size of 10ms

and 5ms respectively, resulting to a spectrogram of size 400× 128.

Training & Validation Configuration. We train both models for 30 epochs,

setting the initial learning rate to 1e−3 for ASF which decays to 10% on epoch 25

and 1e−4 for SSAST, which is warmed up from 1e−6 for 2 epochs and decays to

5% then 1% on epochs 10 and 20. Both models are trained with cross-entropy loss,

optimising ASF using SGD with Nesterov momentum equal to 0.9, and SSAST

using AdamW with (β1, β2) = (0.9, 0.999). Both models use a weight decay of

0.0001 and a batch size of 128. We use a base 384 × 384 ViT with patch size 16

as the backbone for SSAST and the 8× 8 ResNet50 variant of ASF. For data aug-

mentation, SpecAugment [D. S. Park et al. 2019] is used, again following [Kazakos

et al. 2021b], using two frequency masks with F = 27, two time masks with T = 25

and time warp with W = 5. We use test augmentations simliar to [Kazakos et al.

2021b], dividing the audio into 5 equally sized sub-clips and then averaging their

individual predictions from the networks. For the linear probe results, we freeze

the backbone of both SSAST and ASF and train only the last linear layer with
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Figure 8.4: Confusion Matrices on Val for ASF (left) and SSAST (right).

the same training hyperparmeters and pretrained backbones as before.

Evaluation Metrics. We report the top-1 and top-5 accuracy, as well as mean

average precision (mAP), mean area under ROC curve (mAUC), and mean per

class accuracy (mCA), for both the validation and test sets.

Results. We report quantitative results for both models in Table 8.3. Overall,

ASF outperforms SSAST by 0.28%, 0.74% and 1.11% for top-1 accuracy on the

validation, recognition test and entire test set respectively. ASF exhibits better

mAP for the validation set and recognition test set, whereas SSAST performs bet-

ter on the entire test set, suggesting these models share a similar level of robustness

to the long-tailed data. The performance of the linear probe drops significantly

compared to fine-tuning results for ASF and almost halves for SSAST. In the lat-

ter case, we note that self-supervision alone does not learn class-discriminative

features.

Fig. 8.4 shows the validation confusion matrices for finetuned ASF and SSAST.

We see that both models are able to detect a subset of distinctive, unique sounds

such as rustle, water and beep. Concerning the collision-based classes, both models

tend to classify uni-material collisions more successfully than bi-material collisions,

but generally produce a false positive prediction of the metal-only collision class,

suggesting that the models may struggle to detect how material properties alter

the sound produced from a collision.

Reflections. When comparing audio to video labels, we reflect on our motivation
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in Fig. 8.1. The top-3 audio classes that have 1-to-0 overlap with visual classes are:

wood / glass collision (51.78%), metal / marble collision (51.67%), glass / marble

collision (51.39%). In this instance, the classes relate to sounds produced by visual

actions such as placing objects which are occasionally deemed trivial, or happen

off-screen, resulting in missed visual annotations while still producing distinctive

auditory signals. The top-3 video classes that have no overlap with audio (0-to-1)

are: take basket (71.43%), pour basil (71.43%) and brush oil (70.0%) – these are

silent actions. The top-3 many-to-1 classes that contain repeated audio sounds (on

average) are: cut / chop (1.77-to-1), beep (1.31-to-1), metal-only collision (1.18-

to-1), these relate to actions that have a ‘stop-start’ pattern e.g. pauses between

chops, button presses on an appliance, or between repetitively moving items in a

cutlery draw or sink.

8.6 Conclusion

In this paper, we present a large-scale dataset, Epic-Sounds, which consists of

78.4k categorised segments and 39.2k non-categorised segments, totalling 117.6k

segments spanning 100 hours of audio, capturing diverse actions that sound in

home kitchens. Sound categories are annotated based on audio human descrip-

tions. We also provide benchmark classification performance using the state-of-

the-art sound recognition networks. The audio annotations in this dataset enable

a veridical evaluation of audio classifiers, and can replace the current evaluations

based on visual annotations. We anticipate that multi-modal approaches will ben-

efit from these audio labels. The dataset can also be used for audio event detection,

though we have not evaluated that in this work.
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CHAPTER 9. DISCUSSION

Chapter 9

Discussion

This chapter starts with an overview of the key achievements and impact of the

research presented in this thesis (Section 9.1). Subsequently, we explore potential

directions for future investigation and research (Section 9.2).

9.1 Achievements and Impact

Action recognition from egocentric untrimmed videos. In Chapter 2, we

propose the Multimodal Temporal Context Network (MTCN) which utilises the

neighbouring actions to improve the action recognition in the interval we are in-

terested in. With minimal additional information which is the temporal boundary

of neighbouring actions, MTCN outperformed the state-of-the-art methods at the

time the paper was published.

This work introduces a novel masked language model for the first time which uses

only the labels of action sequences and achieves further improvement by combining

the predictions from an audio-visual transformer. Since 2021 when the paper is

published, it has gained 50 citations until September 2024 and inspired a series

of follow-up work studying efficient multimodal fusion techniques [Y.-B. Lin et al.

2022; Xinghang Hu et al. 2022; Hanxin Wang et al. 2023] and egocentric action

recognition [Plizzari et al. 2022; Radevski et al. 2023]. The model achieved 4th

place in EPIC-KITCHENS-100 action recognition challenge in 2021 [Damen et al.

2021].

In Chapter 3, we introduce A Time Interval Machine (TIM) which uses the ac-
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tion’s time interval as a query for audio-visual action recognition. Audio-visual

transformer learns to recognise the action from its interval and the unaltered sur-

rounding context. We jointly train the model on modality specific time intervals

and label sets, allowing the TIM to recognise multiple events across both visual

and auditory modalities.

TIM outperformed the audio-visual action recognition networks on EPIC-KITCHENS-

100 that leverage large language models [Y. Zhao et al. 2023; Y. Zhao and Krähen-

bühl 2023] or additional private datasets [Yan et al. 2022; Xiong et al. 2022]. TIM

achieved 2nd place in EPIC-KITCHENS-100 action recognition challenge in 2024

pretraining only on public data. It also showed promising directions for sound de-

tection and action detection, achieving 2nd and 3rd place in the sound detection

and action detection tracks of the EPIC-KITCHENS-100 challenge, respectively.

Character audio-visual subtitling. In Chapter 4, we first propose a new task,

character-aware audio-visual subtitling, which aims to generate a full transcript of

the dialogue, with precise speech timestamps, and the character speaking identi-

fied. Our method only uses off-the-shelf deep neural network models which allows

people to use it easily without the need for training. In Chapter 5, we advance

the previous work by leveraging the temporal context of dialogue within a scene.

Inspired by the success of Large Langauge Model (LLM), we show for the first

time that asking the LLM to predict the speaker of the utterance can improve the

character recognition performance on short segments, which the state-of-the-art

speaker recognition models suffers from.

To the best of our knowledge, these are the pioneering works which introduce

the pipeline for character-aware audio-visual subtitling task to perform speech

recognition, speaker diarisation and character recognition at the same time. Our

method introduces speaker diarisation method without using face recognition or

tracking models, which is a common practice in other literature [M.-K. He et al.

2022; E. Z. Xu et al. 2022]. We show the promising steps towards Subtitles for Deaf

and Hard-of-hearing (SDH) [Szarkowska 2020] and can be extended to full-length

movies in the future. It also demonstrates the generalisation ability of our method

to various genres of TV shows including comedies, dramas, sci-fi or horror.
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Audio-visual datasets. In Chapter 6, we introduce VoxConverse, a large-scale

speaker diarisation dataset from Youtube videos. We also introduce a novel audio-

visual diarisation pipeline which consists of active speaker detection, speech en-

hancement, and speaker recognition models.

The paper is published in Interspeech 2020 and has received 165 citations until

September 2024. VoxConverse is still the largest public speaker diarisation dataset

which advances the development of new speaker diarisation methods [Kwon et al.

2021; Hongji Wang et al. 2023; Bredin 2023]. It also promotes the other fields of

speech processing such as speaker verification [J.-w. Jung et al. 2023] and active

speaker detection [Y. J. Kim et al. 2021; C. Jung et al. 2024]. The data creation

pipeline inspired the development of other valuable diarisation datasets [Grauman

et al. 2022; Kwak et al. 2024], further advancing research in audio-visual diarisa-

tion.

In Chapter 7, we introduce VoxMovies, a large-scale speaker recognition dataset

from movies. This is the first and only dataset that contains utterances from

movie characters with a diverse range of emotions and background noises. We also

show that simple domain adaptation methods can help improve the performance

of speaker models trained on different domains on this dataset.

The paper was published in International Conference on Acoustics, Speech, and

Signal Processing (ICASSP) 2021 and has received 34 citations as of September

2024. Researchers have primarily worked with the VoxCeleb dataset [Nagrani et al.

2017], which has become the de facto speaker recognition evaluation set. However,

due to its limited domain in celebrity interviews and news clips, state-of-the-art

models [Y. Zheng et al. 2023; Torgashov et al. 2023] achieve < 0.5% Equal Error

Rate (EER) on its evaluation set but do not generalise well to other domains.

VoxMovies has been instrumental in evaluating models’ generalisation abilities

across diverse emotions and speaking styles [Xuechen Liu et al. 2021; Xuechen Liu

et al. 2022; Hong et al. 2023].

Both VoxMovies and VoxConverse were used as a key component of the VoxCeleb

Speaker Recognition Challenges (VoxSRC) [Huh et al. 2024]. The series of VoxSRC

challenges aimed to advance the research on speaker recognition and diarisation

by providing a common test sets to the community. VoxConverse was used as a
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validation set of the speaker diarisation track from year 2020 to 2023 and 91 teams

participated in this track over this period. VoxMovies was used to create more chal-

lenging validation and test sets in speaker recognition tracks in the VoxSRC 2020

challenge. Existing speaker recognition datasets primarily consisted of recordings

from celebrity interviews or news clips, where speakers typically speak calmly in

controlled environments. VoxMovies serves as an out-of-domain dataset and covers

a wide range of emotions and background noises which are common in movies.

Chapter 8 introduces Epic-Sounds, a large-scale sound recognition dataset from

the egocentric videos in EPIC-KITCHENS-100. This work challenges two false

assumptions: (i) the visual and auditory events temporally coincide, and (ii) a

single set of classes can be used for both modalities. Prior work in audio under-

standing assumes that visual labels offer good training for the auditory stream in

egocentric videos [Kazakos et al. 2019; Kazakos et al. 2021a]. These assumptions

are shown to be incorrect, and highly problematic, through a thorough, extensive

and innovative data annotation pipeline.

So far, Epic-Sounds has had an impact in many different research areas such as

(i) the development of new sound recognition models for everyday events [Bhosale

et al. 2023; Piergiovanni et al. 2024] and (ii) a new line of research in audio-

visual learning dealing with two modalities with different temporal and semantic

labels, such as action recognition (See Chapter 3) and sounding action discovery

/ retrieval [C. Chen et al. 2024]. The dataset has also been used as a sound

interaction recognition challenge 1 from year 2023 to 2024 with 15 participants

from different sites. It has great potential to stimulate research in multimodal

learning methods that deal with different annotations from each modality.

9.2 Future Works

Long-term video understanding. Although MTCN (Chapter 2) and TIM

(Chapter 3) aim to leverage the temporal context for action recognition, there

is still room for improvement towards long-term video understanding. MTCN re-

quires additional information, time intervals of neighbouring actions, which are not

always available. Also, TIM shows the best performance on 30 seconds of video
1https://codalab.lisn.upsaclay.fr/competitions/9729
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segments, and it is still challenging to generalise to the longer video (e.g. 1 hour).

There are a few challenges towards longer video understanding: (i) the computa-

tional constraints of processing extended video sequences, as it becomes difficult

to construct models that can consume the full context of long videos within GPU

memory limitations, and (ii) the challenge of maintaining long-range dependencies

and capturing relevant information across distant time steps in lengthy videos.

One approach to address this is to introduce a memory vector to store the infor-

mation of the video from the past and update it when the model processes the

later part of the video. There are a few works that utilise this concept in NLP [Z.

Dai et al. n.d.] and computer vision [C.-Y. Wu et al. 2022] but there still remains

a challenge in determining if these models can also work in multimodal setting.

Another approach we can take is using Video-based LLMs (VideoLLMs) [Luo et al.

2023; Weng et al. 2024], borrowing the power of these models trained with enor-

mous amounts of video and language data from the internet. [Weng et al. 2024]

shows promising results on zero-shot video question-answering datasets, but it is

unknown whether the model can show similar performance when it also consumes

an additional modality.

Character audio-visual subtitling. Chapter 4 and Chapter 5 introduce a

novel pipeline for character-aware audio-visual subtitling. There are still several

limitations in our method that can be improved in the future. First, our method

still requires additional metadata of cast list for each episode, which might not

be available for some TV shows. However, a human can recognise the speaker

identity even without the metadata by watching the video. There exist some

prior works [Sue E Tranter 2006; Bredin et al. 2014] which use the textual in-

formation in speech transcripts to assign the speaker of each utterance. We can

adopt this idea and integrate it into our method. Second, our method consists of

multiple stages, each with an individual model, which might cause error propaga-

tion. Our pipeline consists of voice activity detection [Bain et al. 2023] followed

by audio-visual speaker detection [Afouras et al. 2020b] and audio-only speaker

recognition [Desplanques et al. 2020]. We observed that if the first stage of voice

activity detection makes a false prediction, the rest of the pipeline is affected. An

end-to-end model which consumes the raw video and outputs the transcripts in-

cluding the speaker identities directly can be a future direction to avoid this issue.
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Finally, we have not proven that our method can generalise on videos other than

TV shows. There are a plethora of public video datasets from different domains

such as movies [Bain et al. 2019] or news clips [J. S. Chung et al. 2020c]. It is

possible to adapt our method to these domains and make the character-aware

audio-visual subtitling more practical. Especially in movies, I have already de-

veloped VoxMovies dataset which contains utterances from movie characters. We

could finetune the speaker embedding extractors and audio-visual speaker detec-

tion models on this dataset to improve the performance of our method.

Towards internet scale datasets. Over the past few years, there has been a

significant shift towards deep learning models trained on internet-scale datasets, re-

sulting in high-quality representations. State-of-the-art models including CLIP [Rad-

ford et al. 2021] for vision-language understanding, Whisper [Radford et al. 2023]

for speech recognition, and large language models [Touvron et al. 2023; Achiam et

al. 2023; Anil et al. 2023] typically leverage internet-scale data. While we introduce

three new datasets in this thesis, they are all less than 1,000 hours in duration,

which limits the models’ ability to learn robust representations. There is still a

lack of established dataset curation methods for collecting and annotating data

at such massive scales, an area that remains underexplored. The development of

efficient and effective techniques for curating internet-scale training data would be

beneficial for the research community, enabling scientists to push the boundaries

of their models.
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