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Abstract

Human perception and learning are inherently multimodal: we interface with the world through
multiple sensory streams, including vision, audition, touch, olfaction and taste. By contrast,
automatic approaches for machine perception and learning have traditionally depended on
single modalities, by processing, for instance, video, audio or speech separately. The goal of
this thesis is instead utilizing the natural co-occurrence of audio and visual information
in videos to learn useful tasks.

The thesis is structured around four main themes: (i) lip reading and Audio-Visual Speech
Recognition (AVSR); (i1) audio-visual speech enhancement and separation; (iii) audio-visual
sound source localization and detection; (iv) sign language recognition;

Lip reading is the ability to recognise speech by observing the speaker’s lip movements; it is
a challenging task and has many important applications including enabling speech impaired
individuals to better communicate. We build and improve on recent breakthroughs by exploring
the use of Transformer-based architectures, proposing attention based pooling mechanisms for
representation aggregation, as well as using sub-word units instead of character tokenisation.
These enhancements, combined with improvements to the training protocol, yield substantial
performance boosts, resulting in state-of-the art results on the challenging LRS2 and LRS3
datasets. Moreover, we develop a method for exploiting unlabelled speech video by distilling
an Automatic Speech Recognition Model into a lip-reading one. Finally we show that it is
possible to identify spoken language just by observing a speaker’s lip movements.

Speech enhancement and separation increases the signal-to-noise ratio of noisy speech audio,
by filtering out interfering voices or background noise. Until recently, works in this area
focused on solving the problem by using the audio modality alone. We first propose tackling
this problem audio-visually by conditioning on each speaker’s lip movements. We then further
improve this approach by making it robust to visual occlusions.

Recent works have shown that it is possible to determine the spatial location of sound-making
objects in video frames by exploiting correlations between the audio and video signals. We
present a method to improve and extend these techniques, by grouping heat maps into distinct
object representations that can be used for various downstream tasks, without the need for
face detectors. The resulting method is entirely self-supervised and can be used for extending
tasks such as active speaker detection and speech separation in new domains, e.g. videos of
cartoons or puppets. We then propose a method that uses similar principles in order to train
object detection models without relying on human annotation, by deriving all the necessary
supervision from audio-visual correspondence cues.

Finally we consider the problem of automatic sign-language recognition, which to-date
remains unsolved, despite all the progress in related vision and natural language processing



tasks. The main blocker is the scarcity of large-scale annotated sign-language datasets. We
attempt to solve this problem by using sign-interpreted TV broadcasts footage, combined
with subtitles obtained from the corresponding audio speech. Towards achieving this goal
we first train Transformer models to identify and temporally localize instances of sings in
continuous signed videos, thus automatically generating thousands of annotations for a large
sign vocabulary. We then directly tackle the problem of temporally aligning the asynchronous
subtitles to the sign language footage.
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1| Introduction and Background

Human perception and learning are inherently multimodal: we interface with the world not
through one but through multiple sensory streams, including vision, audition, touch, olfaction
and taste. Imagine, for instance, some common scenes from everyday life: humans speaking
and interacting in crowded restaurants, vehicles moving, birds chirping, rain drops hitting
the ground: all these examples involve visual experiences that are usually accompanied by
associated sounds. To form informed perceptions of the world, we combine visual and auditory
information, which might be ambiguous and noisy individually, but when combined help us
form accurate perceptions of the world. Similarly, our oral communication is predominantly
based on audio, however visual messages contained in lip motion, body language and hand
gestures can be crucial for disambiguation as well as for conveying subtle information not
encoded in language, such as different intents and moods. The simultaneous processing of

these visual and audio signals is crucial for us in order to understand and learn.

By contrast, automatic approaches for machine perception and learning have traditionally
depended on single modalities, for example processing vision, audio or speech separately.
Audio-visual information on the other hand is plentiful in internet videos today: resources

such as YouTube provide a very rich source of diverse audio-visual scenes.

The goal of this thesis is to utilize the natural co-occurrence of audio and visual information
in videos to learn useful tasks. The key ways that we aim to achieve this by are: (i) by using
the one modality for supervising the other; (ii) by using the one modality to disambiguate the

other; (ii1) by using both modalities together as complementary inputs.

We will begin this thesis by providing motivation for audio-visual machine learning from
psychology studies on human learning and perception, as well as presenting the key obser-
vations that make the idea appealing (Section 1.1); we will move on to Section 1.2 where we
introduce the four main themes that we explore; finally in Section 1.3 we will provide a

full outline of the thesis.

10
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1.1 Motivation and key ideas

1.1.1 Motivation from psychology

Learning and perception in humans is heavily dependent on the redundancy that results from
collecting information from multiple sensory inputs. This redundancy enables functionality
even when one of the sensory components is lost [355]. It also means that the different sensory
systems can teach each other, in order to bootstrap learning without the need for external
supervision or defined tasks. In the psychology literature this idea is termed reentry [1 16, 117]
and is discussed in terms of bidirectional exchanges of signals between brain regions which
are continuously interrelated in space and time. Through this mechanism, humans can
form multiple simultaneous representations of the same information across modalities. The
simultaneous perception of these multi-sensory inputs (e.g. visual and auditory) creates a

powerful learning mechanism that relies on the separate representations supervising each other.

It has been suggested that humans fuse visual and aural modalities early in the processing
stage and that this joint perception is important for both lower level sensorimotor coordination,
such as controlling visual orientation as well as more abstract understanding like object
categorisation [268]. Indeed human infants are sensitive to spatial properties of sound, being
able to direct their gaze toward auditory stimuli even 10 minutes after birth [404], while later
developing the ability to focus visual attention on objects that match what they hear [268].
Four-month old infants respond to temporal synchrony between aural and visual stimuli [357].
In fact studies comparing visual attention in deaf and hearing children show that the use of

environmental sounds is important for organizing visual attention [355].

Audio-visual information plays an important role during language acquisition as well. For
example, studies have shown that this process is sometimes delayed in blind children [262, 1,
suggesting that visual information is complementary to speech and important during the
language acquisition phase. In fact some studies suggest that human infants can associate

phonetic information with lip movements, before learning to understand or speak a lan-

guage [ , , ].
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Although vision and hearing were originally viewed as distinct systems that operate indepen-
dently, it is now believed that cross-modal interactions are very common [348]. In fact visual
inputs can affect the way sound is perceived by the human brain. A prominent example of this
is the McGurk Effect [261], an illusion where visual lip motion alters the way that speech is
perceived. For example, an audio utterance of the syllable “ba” may be perceived as “fa” or

“da” if it is coupled with mouth movements that are associated with those sounds.

Visual sensory input can also heavily influence the perceived spatial location of a sound
source, an phenomenon called the “ventriloquist effect”. For example, this is experienced
in movie theaters, where a video is projected on a screen and a sound track is played from
speakers located on the sides, however the viewer perceives the sound to be originating from
the screen [402]. The explanation for this effect is that the modality with the higher spatial

localization potential (vision) dominates the other one (audition) [10].

The inverse effect is also possible — i.e. sound can influence visual perception. Sekuler et
al. [337] conducted an experiment, where subjects were shown an animation of two identical
objects moving towards each other, coinciding, and then moving apart. When the animation
was shown without any audio effects, the perception of most participants was that of the
two discs continuing in their original directions without collision; however introducing a
sound effect at or near the point of coincidence induced the sense of collision followed
by bouncing. Other studies moreover suggest that accompanying sound signals may alter
temporal aspects of visual perception [348], such as the perceived rate, duration or temporal

resolution [ 146, , ] of visual stimuli.

In this thesis we take inspiration from psychology and study, among other things, ways to
improve machine perception and learning, by studying the visual and aural modalities as
complementary to each other, or as part of self-supervised frameworks where the one modality

is used to provide supervision for the other.
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1.1.2 Audio-visual machine learning

The central theme of this thesis is training deep models on videos by exploiting some
combination of audio and visual information, with varying levels of supervision. Setting
aside the biologically inspired motivation and the relation to human cognition discussed above,
this is a promising direction due to two observations: first, audio-visual information is abundant
in videos found online. Second, self-supervised methods are becoming a predominant theme
in machine learning and audio-visual learning is naturally suited for developing them. We

will now briefly examine those two ideas.

A cornucopia of audio-visual information: Videos are abundant on the internet today. Over
500 hours of video are uploaded on YouTube every minute' and this number is growing by the
day. Platforms like Instagram and TicToc have contributed to an explosion of the multi-modal
content that is created by professional and amateur users every day. And what is great from
the data-scientist’s perspective, is that the visual and audio modalities naturally co-occur
and are most often correlated, sharing some common information. Indeed many large-scale
datasets already exist with varying levels of curation, e.g. Kinetics [61], Audioset [149],
VGGSound [69], HowTo100M [266]. It is common for videos to contain speech, in which
case, Automatic Speech Recognition (ASR), a mature and reliable technology, can be used

to obtain structured, semantic text representations.

The advent of Self-Supervised Learning (SSL): Deep learning largely owns its success to
the availability of large-scale annotated datasets for training [328], and to the development
of deep neural networks [224, , ]. These methods originally relied on supervised
learning from uni-modal inputs and manual annotations. For basic vision tasks, such as
video classification and object detection, supervised models today work very well, however
obtaining human annotations is expensive. Instead, self-supervised learning methods have
emerged as an alternative that has achieved remarkable results, matching or even surpassing

their supervised counterparts [72, , ].

'https://www.statista.com/statistics/259477/hours—of-video-uploaded-to-
youtube-every-minute/


https://www.statista.com/statistics/259477/hours-of-video-uploaded-to-youtube-every-minute/
https://www.statista.com/statistics/259477/hours-of-video-uploaded-to-youtube-every-minute/
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These approaches usually rely on solving pretext tasks for which a part of the input signal is held-
out and used as a prediction target, replacing human annotations. The main idea is that in order
to solve the pretext task the models need to learn the semantics of the objects, thus developing
general representations to be transferred to downstream objectives. Examples of this include
predicting the natural orientation of images among different rotations [!52], learning the
relative locations of image patches by solving Jigsaw puzzles [ 110, ], or exploiting the
temporal coherence in videos [269, 398]. Alternatively strong data augmentations have been
broadly used to simulate new views of the same information [ | 74], coupled with contrastive

learning methods [167] to learn desired invariances while preserving semantics.

Ideally, self-supervision offers very important advantages compared to supervised methods
in terms of both scalability and generalization potential: scaling up is easy as it involves only
collecting more data which is fast and cheap; generalization comes from the flexibility to

directly apply the same methods to new domains, as no extra annotation effort is needed.

Self-supervision emerging from multisensory input: An alternative to the data augmenta-
tions required for uni-modal SSL is provided naturally through the shared information encoded
between the two modalities in audio-visual video streams. We could say that one particular
incarnation of the concept of reentry in multi- modal machine learning is self-supervision
relying on audio-visual co-occurrence: manual annotations can be substituted for the labels by
exploiting the correlation between the pattern distributions in audio and video. One way to do
this is by minimizing the disparity between the activations produced from separate networks
that process the two modalities. De Sa [ 100], exemplifies this learning process by referring
to a person that sees a cow and hears a “mooing” sound at the same time. Even though the
appearance of the cow is not accompanied by an explicit “cow” label, its co-occurrence with
the “moo” sound helps humans associate the two and learn them as attributes of the particular
animal. In order to emulate a similar learning procedure in machines, what is needed is to
process the “moo” sound in order to obtain some kind of label (or more generally a supervision

signal) to be associated with the cow’s appearance and vice versa.

To sum up, in audio-visual self-supervised learning, rather than explicitly telling the machine

that it should be associating particular appearances, motions, actions or scenes with sounds, e.g.
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speech with lips, a bow scratching a violin with music, etc, the objective is to discover these as-

sociations by watching videos and solving appropriate tasks with the help of tailored objectives.

This idea is of course not new; similar lines of work have been studied since decades ago,
e.g.for visually localizing a sound source [ |30, , 207], separating sound sources [ | 82] or
measuring the synchronization of the two modalities [354]. However, the limited availability
of data and reliance on statistical modelling and heuristics for obtaining visual features made it
difficult to fully exploit the richness of the multi-modal information. Recently, the creation of
large video datasets and the advances in deep network architectures has enabled fast progress
in this field. Some notable examples include the works of Owens et al. [295] who use ambient
sounds as supervision to train visual representations or predict the sounds that different objects
make when struck with a drumstick [294], of Aytar et al. [27] that use pre-trained visual
recognition models as teachers to train representations for audio scene classification, and of

Harwath er al. [172] who learn to match audio captions to images.

These works resurged interest in audio-visual learning and lay the groundwork for the
development of more elaborate methods. However, we argue that they have merely scratched
the surface on the potential that audio-visual learning offers. We build on this work, by
enriching the models, reducing the required amount of supervision, and learning new exciting

tasks. Some of the questions that we will attempt to answer on the way are:

* Can the kind of multi-modal processing found in human learning and perception be

emulated in machine learning?

* What are the key multi-modal cues in human communication and how do they comple-

ment each other?

* Can they be exploited to improve performance in existing machine-learnable tasks and

introduce new ones?
* Can we use audio as supervision in videos?

* What ways are there to exploit audio-visual co-occurrence?
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1.2 Thesis Topics

The material presented in this thesis is conceptually divided into four units: (a) lip reading
and audio-visual speech recognition, (b) audio-visual speech enhancement and separation,
(c) audio-visual object localization and detection, and (d) sign language recognition. Some of

those concepts are related, and there can be substantial overlap in terms of their applications.

1.2.1 Lip reading and Audio-Visual Speech recognition (AVSR)

Lip reading, the ability to recognise speech by observing the speaker’s lip movements, is a chal-
lenging task for humans and machines alike. It can deployed in many interesting applications
such as enabling silent dictation on mobile devices or dubbing silent films. More importantly
it has great potential for medical applications, such as enabling speech impaired individuals to
communicate, either by enhancing speech, e.g. for patients suffering from Lou Gehrig’s disease,

or by helping people with aphonia (loss of voice) to communicate through lip movements [347].

Audio-visual speech recognition extends traditional audio-based Automatic Speech Recog-
nition (ASR), by combining both audio and visual speech signals to transcribe speech into
text. The goal is to use lip-movements to disambiguate similarly sounding words, which

can be especially useful in noisy environments.

Recent breakthroughs [26, 86, 87, ] were made possible due to the development of
deep learning models and the availability of large scale datasets. We extend and improve
these methods by proposing better architectures and more data-efficient learning methods

in Part I of this thesis.

1.2.2 Audio-visual speech enhancement and separation

What is commonly referred to as the “cocktail-party problem” can be framed as isolating
individual voices in multi-speaker scenarios (separation) or increasing the signal-to-ambient-
noise-ratio in noisy audio (enhancement). Until recently, works in this area mostly focused

on using only audio to solve the task [255, , ]. However using video cues to solve this
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task can be very advantageous. A few prior works that have used video [ 133, , 188] are
limited to constrained conditions (e.g. fixed set of phrases or small number of speakers). We
are among the first to solve this problem audio-visually and to demonstrate strong performance

under general in-the-wild conditions (Part II).

Solving this problem well can enable a diverse range of practical applications, such as
facilitating teleconferencing in cars, improving subtitle generation in videos with noisy audio,

or developing smart audio-visual hearing devices that can enhance speech based on visual input.

1.2.3 Audio-visual object localization and detection

Sound source localization is the task of determining the spatial location of sound-making
objects in video frames. It has been solved with self-supervision using either correspondence
cues [22, 171, , , 376], e.g. by training a model to predict whether audio and a single

video frame come from the same or different videos, or synchronization [293] as the proxy task.

Although these methods obtain compelling saliency maps and are easy to interpret, they are
unsatisfactory in the following aspects: (i) they only roughly highlight the location of sound
sources, without grouping the objects in a scene, and (ii) have limited practical application.

We tackle those problems in Part III.

1.2.4 Sign language recognition

Sign languages are visual languages used as the natural means of communication of deaf
communities. Achieving automatic sign localisation would enable various useful applications,
such as automatic creation of dictionaries to help learning sign languages, indexing of signing

content to enable efficient search and “wake-word” recognition in mobile devices for signers.

However, while there has been substantial progress in machine translation of spoken languages
in recent years, automatic sign language recognition remains an unsolved problem. The
availability of large-scale annotated datasets, e.g. paired text corpora and transcribed audio

speech sequences, has been crucial for the training of strong performing models in these
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tasks [ 17, 77]; But the development of respective sign-language datasets is more challenging.
The reason is that compared to other domains, the amount of sign language videos available
online is limited and its manual annotation is difficult. Since most of the available footage
is found as part of interpreted TV programs, one idea to circumvent the data scarcity issue
is to annotate the sign sequences in these videos using the audio speech that they are being
interpreted from. However there are some particular challenges to this approach: e.g. not all
the words in the transcription of a sign-language clip are actually signed; also, the signing
video and speech audio are in most cases not naturally aligned (as would be the case with
speech audio and lip movements), and the temporal synchronization of the audio to signs is not
straightforward. We will discuss ways in which we attempt to solve those problems towards

enabling full automatic sign-language translation in Part IV.

1.3 Thesis outline

In this section we provide an outline of the rest of the thesis chapters.
Part I: Lip reading and Audio-Visual Speech recognition (AVSR)

In Chapter 2 we extend our work in [4] and the work of Chung et al [86]. We combine the
audio and video modalities, and use modern architectures to create an audio-visual speech
recognition pipeline, demonstrating improved recognition performance compared to using
only audio, especially under the presence of noise. Unlike previous works, that have focussed
on recognising a limited number of words or phrases, we tackle lip reading as an open-
world problem, which means training and evaluating on unconstrained natural language

sentences, and in the wild videos.

In Chapter 3 we upgrade the lip reading pipeline introduced in Chapter 2 with several archi-
tecture and methodology enhancements, including the introduction of a Visual Transformer
Pooling (VTP) for aggregating the spatial visual features, and the use of sub-word unit
tokenisation instead of characters. The best trained models in the resulting framework
significantly improve the state-of-the-art performance on public benchmarks and achieve

results comparable to industrial models trained on orders of magnitude more data.
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In Chapter 4 we train a network to read lips with cross-modal distillation from a teacher
ASR model. We show how arbitrary amounts of unlabeled video data can be exploited
to train lip reading models. We achieve state-of-the art results for training only on pub-

licly available datasets.

In Chapter 5 we train models that can identify a spoken language just by interpreting the
speaker’s lip movements. We show that models can learn to discriminate among 14 different
languages using only visual speech information. We evaluate the trained models on challenging

examples from bilingual speakers.

Part II: Audio-visual speech enhancement and separation

In Chapter 6 we propose a deep audio-visual enhancement network that can separate a speaker’s
voice from other voices and background noise in a cocktail party scenario. This is accomplished
by predicting an enhanced audio spectrogram conditioned on the lip movements of the target
speaker. The performance of the model is evaluated for up to five simultaneous speakers
in unconstrained environments, and for speakers and languages unseen at training time,
demonstrating strong qualitative and quantitative performance. This work was the first to
solve the task under such general conditions (concurrently Ephrat et al [ 120] and Owens and

Efros [293] developed related methods with similar results).

In Chapter 7 this work is extended to deal with visual occlusions when performing video-

driven speech enhancement.

Part III: Audio-visual object localization and detection

Chapter 8 presents a method that extracts a set of discrete audio-visual objects from a video
clip using self-supervision. Those objects localize and track sounds sources through space
and time and can be used as input representations for useful downstream tasks that have
required some form of supervision before, such as Active Speaker Detection (ASD) and
multi-speaker sound source separation. We demonstrate its generalization power in a new

domain, namely videos of cartoons and puppets.
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In Chapter 9 we exploit audio-visual correspondence to train an object detector without any
manual annotations. This is accomplished by combining noise-contrastive and clustering-
based self-supervised learning to generate self-detections (boxes and labels) and using those

as targets to train a detector.

Part I'V: Sign language recognition In Chapter 10 we train a Transformer model to iden-
tify and temporally localise instances of signs among sequences of continuous sign lan-
guage [383]. In Chapter 11 we design a model to temporally align asynchronous subtitles

in sign language videos.

We conclude the thesis with Chapter 12 which contains discussion on the impact that the works

presented here have had since their publication and outline ideas for extensions and future work.

1.3.1 Publications

The body of this thesis consists of a number of papers: each of the chapters 2 to 11 contains
a paper that has been published, or is about to appear, in a peer-reviewed conference or journal.
The papers have been left unmodified, with the exception of formatting changes. Additional
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Published in the proceedings of INTERSPEECH, 2020, pp. 2402-2406.

* Chapter 6: The Conversation: Deep Audio-Visual Speech Enhancement:
Triantafyllos Afouras, Joon Son Chung, Andrew Zisserman.

Published in the proceedings of INTERSPEECH, 2018, pp. 3244-3248.

* Chapter 7: My Lips Are Concealed: Audio-visual Speech Enhancement Through
Obstructions:
Triantafyllos Afouras, Joon Son Chung, Andrew Zisserman.
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2020, pp. 208-224.

* Chapter 9: Self-supervised Object Detection From Audio-visual Correspondence:
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Abstract
The goal of this work is to recognise phrases and sentences being spoken by a talking face,

with or without the audio. Unlike previous works that have focussed on recognising a limited
number of words or phrases, we tackle lip reading as an open-world problem — unconstrained
natural language sentences, and in the wild videos.

Our key contributions are: (1) we compare two models for lip reading, one using a CTC loss,
and the other using a sequence-to-sequence loss. Both models are built on top of the transformer
self-attention architecture; (2) we investigate to what extent lip reading is complementary
to audio speech recognition, especially when the audio signal is noisy; (3) we introduce and
publicly release a new dataset for audio-visual speech recognition, LRS2-BBC, consisting
of thousands of natural sentences from British television.

The models that we train surpass the performance of all previous work on a lip reading

benchmark dataset by a significant margin.

Published in IEEE Transactions on Pattern Analysis and Machine Intelligence, 2019.
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Lip reading, the ability to recognize what is being said from visual information alone, is an
impressive skill, and very challenging for a novice. It is inherently ambiguous at the word
level due to homophones — different characters that produce exactly the same lip sequence
(e.g. ‘p’ and ‘b’). However, such ambiguities can be resolved to an extent using the context

of neighboring words in a sentence, and/or a language model.

A machine that can lip read opens up a host of applications: ‘dictating’ instructions or messages
to a phone in a noisy environment; transcribing and re-dubbing archival silent films; resolving
multi-talker simultaneous speech; and, improving the performance of automated speech

recognition in general.

That such automation is now possible is due to two developments that are well known across
computer vision tasks: the use of deep neural network models [224, , ]; and, the
availability of a large scale dataset for training [328]. In this case, the lip reading models are
based on recent encoder-decoder architectures that have been developed for speech recognition

and machine translation [31, 63, , , ].

The objective of this paper is to develop neural transcription architectures for lip reading
sentences. We compare two models: one using a Connectionist Temporal Classification
(CTC) loss [159], and the other using a sequence-to-sequence (seq2seq) loss [78, 365]. Both
models are based on the transformer self-attention architecture [384], so that the advantages
and disadvantages of the two losses can be compared head-to-head, with as much of the
rest of the architecture in common as possible. The dataset developed in this paper to train
and evaluate the models, are based on thousands of hours of videos that have talking faces

together with subtitles of what is being said.

We also investigate how lip reading can contribute to audio based speech recognition. There
is a large literature on this contribution, particularly in noisy environments, as well as the
converse where some derived measure of audio can contribute to lip reading for the deaf or
hard of hearing. To investigate this aspect we train a model to recognize characters from both

audio and visual input, and then systematically disturb the audio channel.
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Our models output at the character level. In the case of the CTC, these outputs are independent
of each other. In the case of the sequence-to-sequence loss a language model is learnt implicitly,
and the architecture incorporates a novel dual attention mechanism that can operate over
visual input only, audio input only, or both. The architectures are described in Section 2.2.
Both models are decoded with a beam search, in which we can optionally incorporate an

external language model.

Section 2.3, we describe the generation and statistics of a new large scale dataset, LRS2-BBC,
that is used to train and evaluate the models. The dataset contains talking faces together with
subtitles of what is said. The videos contain faces ‘in the wild” with a significant variety of pose,
expressions, lighting, backgrounds and ethnic origin. Section 2.4 describes the network train-
ing, where we report a form of curriculum learning that is used to accelerate training. Finally,
Section 2.5 evaluates the performance of the models, including for visual (lips) input only, for

audio and visual inputs, and for synchronization errors between the audio and visual streams.

On the content: This submission is based on the conference paper [86]. We replace the
WLAS model in the original paper with two variants of a Transformer-based model [384].
One variant was published in [4], and the second variant (using the CTC loss) is an original
contribution in this paper. We also update the visual front-end with a ResNet-based one
proposed by [360]. The new front-end and back-end architectures contribute to over 22%
absolute improvement in Word Error Rate (WER) over the model proposed in [86]. Finally,
we publicly release a new dataset, LRS2-BBC, that supersedes the original LRS dataset in [$6]

which could not be made public due to license restrictions.

2.1 Background
2.1.1 CTC vs sequence-to-sequence architectures

For the most part, end-to-end deep learning approaches for sequence prediction can be

divided into two types.
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Figure 2.1: Outline of the audio-visual speech recognition pipeline.

The first type uses a neural network as an emission model which outputs the likelihood of each
output symbol (e.g. phonemes) given the input sequence (e.g. audio). These methods generally
employ a second phase of decoding using a Hidden Markov Model [ | 84]. One such version
of this variant is the Connectionist Temporal Classification (CTC) [159], where the model
predicts frame-wise labels and then looks for the optimal alignment between the frame-wise
predictions and the output sequence. The main weakness of CTC is that the output labels are
not conditioned on each other (it assumes each unit is independent), and hence a language
model is employed as a post-processing step. Note that some alternatives to jointly train the two
step process has been proposed [ 1 58]. Another limitation of this approach is that it assumes
a monotonic ordering between input and output sequences. This assumption is suitable for

ASR and transcription for example, but not for machine translation.

The second type is sequence-to-sequence models [ 78, ] (seq2seq) that first read all of the
input sequence before predicting the output sentence. A number of papers have adopted this
approach for speech recognition [30, 81]: for example, Chan et al. [63] proposes an elegant
sequence-to-sequence method to transcribe audio signal to characters. Sequence-to-sequence
decodes an output symbol at time ¢ (e.g. character or word) conditioned on previous outputs
1,...,t — 1. Thus, unlike CTC-based models, the model implicitly learns a language model
over output symbols, and no further processing is required. However, it has been shown
[63, ] that it is beneficial to incorporate an external language model in the decoding of

sequence-to-sequence models as well. This way it is possible to leverage larger text-only
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corpora that contain much richer natural language information than the limited aligned data

used for training the acoustic model.

Regarding architectures, while CTC-based or seq2seq approaches traditionally relied on
recurrent networks, recently there has been a shift towards purely convolutional models [32].
For example, fully convolutional networks have been used for ASR with CTC [400, ]

or a simplified variant [93, , ].

2.1.2 Related works

Lip reading. There is a large body of work on lip reading using non deep learning methods.
These methods are thoroughly reviewed in [447], and we will not repeat this here. A number
of papers have used Convolutional Neural Networks (CNNs) to predict phonemes [285] or
visemes [2 7] from still images, as opposed to recognising to full words or sentences. A
phoneme 1s the smallest distinguishable unit of sound that collectively make up a spoken

word; a viseme 1is its visual equivalent.

For recognising full words, Petridis et al. [303] train an LSTM classifier on a discrete cosine
transform (DCT) and deep bottleneck features (DBF). Similarly, Wand et al. [391] use an
LSTM with HOG input features to recognise short phrases. The shortage of training data in lip
reading presumably contributes to the continued use of hand crafted features. Existing datasets
consist of videos with only a small number of subjects, and also a limited vocabulary (<60
words), which is also an obstacle to progress. Chung and Zisserman [87] tackles the small-
lexicon problem by using faces in television broadcasts to assemble the LRW dataset with a
vocabulary size of 500 words. However, as with any word-level classification task, the setting
is still distant from the real-world, given that the word boundaries must be known beforehand.
Assael et al. [26] uses a CNN and LSTM-based network and (CTC) [159] to compute the
labelling. This reports strong speaker-independent performance on the constrained grammar

and 51 word vocabulary of the GRID dataset [94].

A deeper architecture than LipNet [26] is used by [360], who propose a residual network

with 3D convolutions to extract more powerful representations. The network is trained
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with a cross-entropy loss to recognise words from the LRW dataset. Here, the standard
ResNet architecture [175] is modified to process 3D image sequences by changing the first

convolutional and pooling blocks from 2D to 3D.

In our earlier work [86], we proposed a WLAS sequence-to-sequence model based on the LAS
ASR model of [63] (the acronym WLAS are for Watch, Listen, Attend and Spell, and LAS
for Listen, Attend and Spell). The WLAS model had a dual attention mechanism — one for the
visual (lip) stream, and the other for the audio (speech) stream. It transcribed spoken sentences

to characters, and could handle an input of vision only, audio only, or both.

In independent and concurrent work, Shillingford et al. [347], design a lip reading pipeline
that uses a network which outputs phoneme probabilities and is trained with CTC loss. At
inference time, they use a decoder based on finite state transducers to convert the phoneme
distributions into word sequences. The network is trained on a very large scale lip reading

dataset constructed from YouTube videos and achieves a remarkable 40.9% word error rate.

Audio-visual speech recognition. The problems of audio-visual speech recognition (AVSR)
and lip reading are closely linked. Mroueh et al. [277] employs feed-forward Deep Neural
Networks (DNNs) to perform phoneme classification using a large non-public audio-visual
dataset. The use of HMMs together with hand-crafted or pre-trained visual features have
proved popular — [370] encodes input images using DBF; [137] used DCT; and [286] uses
a CNN pre-trained to classify phonemes; all three combine these features with HMMs to
classify spoken digits or isolated words. As with lip reading, there has been little attempt to

develop AVSR systems that generalise to real-world settings.

Petridis et al. [304] use an extended version of the architecture of [360] to learn representations
from raw pixels and waveforms which they then concatenate and feed to a bidirectional

recurrent network that jointly models the audio and video sequences and outputs word labels.
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Figure 2.2: Audio-visual speech recognition models. (a) Common encoder: The visual image
sequence is processed by a spatio-temporal ResNet, while the audio features are the spectrograms
obtained by applying Short Time Fourier Transform (STFT) to the audio signal. Each modality is then
encoded by a separate Transformer encoder. (b) TM-seq2seq: a Transformer model. On every decoder
layer, the video (V) and audio (A) encodings are attended to separately by independent multi-head
attention modules. The context vectors produced for the two modalities, V, and A, respectively, are
concatenated channel-wise and fed to the feed forward layers. K, V and Q denote the Key, Value and
Query tensors for the multi-head attention blocks. For the self-attention layers it is always Q =K =V,
while for the encoder-decoder attentions, K = V' are the encodings (V or A), while () is the previous
layer’s output (or, for the first layer, the prediction of the network at the previous decoding step). (c)
TM-CTC: Transformer CTC, a model composed of stacks of self-attention and feed forward layers,
producing CTC posterior probabilities for every input frame. For full details on the multi-head attention
and feed forward blocks refer to the Appendix.

2.2 Architectures

In this section, we describe model architectures for audio-visual speech recognition, for which
we explore two variants, based on the recently proposed Transformer model [384]: 1) an
encoder-decoder attention structure for training in a seq2seq manner and ii) a stack of self-
attention blocks for training with CTC loss. The architecture is outlined in Figure 2.2. The

general model receives two input streams, one for video (V) and one for audio (A).
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2.2.1 Audio Features

For the acoustic representation we use 321-dimensional spectral magnitudes, computed with
a 40ms window and 10ms hop-length, at a 16 kHz sample rate. Since the video is sampled at
25 fps (40 ms per frame), every video input frame corresponds to 4 acoustic feature frames.
We concatenate the audio features in groups of 4, in order to reduce the input sequence
length as is common for stable CTC training [ 76, ], while at the same time achieving a

common temporal-scale for both modalities.

2.2.2 Vision Module (VM)

The input images are 224 x 224 pixels, sampled at 25 fps and contain the speaker’s face. We
crop a 112x 112 patch covering the region around the mouth, as shown in Figure 2.3. To extract
visual features representing the lip movement, we use a spatio-temporal visual front-end
that is based on [360]. The network applies 3D convolutions on the input image sequence,
with a filter width of 5 frames, followed by a 2D ResNet that gradually decreases the spatial
dimensions with depth. The layers are listed in full detail in the Appendix. For an input

sequence of 7' x H x W frames, the output is a 7" x 4% x 3

x 512 tensor (i.e. the temporal
resolution is preserved) that is then average-pooled over the spatial dimensions, yielding a

512-dimensional feature vector for every input video frame.

2.2.3 Common self-attention Encoder

Both variants that we consider use the same self-attention-based encoder architecture. The
encoder is a stack of multi-head self-attention layers, where the input tensor serves as the query,
key and value for the attention at the same time. A separate encoder is used for each modality
as shown in Figure 2.2 (a). The information about the sequence order of the inputs is fed to

the model via fixed positional embeddings in the form of sinusoid functions.
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2.2.4 Sequence-to-sequence Transformer (TM-seq2seq)

In this variant, separate attention heads are used for attending on the video and audio embed-
dings. In every decoder layer, the resulting video and audio contexts are concatenated over
the channel dimension and propagated to the feedforward block. The attention mechanisms
for both modalities receive as queries the output of the previous decoding layer (or the decoder
input in the case of the first layer). The decoder produces character probabilities which are
directly matched to the ground truth labels and trained with a cross-entropy loss. More details

about the multi-head attention and feed-forward building blocks are given in the Appendix.

2.2.5 CTC Transformer (TM-CTC)

The TM-CTC model concatenates the video and audio encodings and propagates the result
through a stack of self-attention / feedforward blocks, same as the one used in the encoders.
The outputs of the network are the CTC posterior probabilities for every input frame and

the whole stack is trained with CTC loss.

2.2.6 External Language Model (LM)

For decoding both variants, during inference, we use a character-level language model. It
is a recurrent network with 4 unidirectional layers of 1024 LSTM cells each. The language
model is trained to predict one character at a time, receiving only the previous character as
input. Decoding for both models is performed with a left-to-right beam search where the
LM log-probabilities are combined with the model’s outputs via shallow fusion [204]. More

details on decoding are given in the Appendix.

2.2.7 Single modality models

The audio-visual models described in this section can be used when only one of the two
modalities is present. Instead of concatenating the attention vectors for TM-seq2seq or the

encodings for TM-CTC, only the vector from the available modality is used.
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Figure 2.3: Top: Original still images from videos used in the making of the LRS2-BBC dataset. Bot-
tom: The mouth motions from two different speakers. The network sees the areas inside the red squares.

In this section, we describe the multi-stage pipeline for automatically generating a large-scale
dataset, LRS2-BBC, for audio-visual speech recognition. Using this pipeline, we have been able
to collect thousands of hours of spoken sentences and phrases along with the corresponding

facetrack. We use a variety of BBC programs from Dragon’s Den to Top Gear and Countryfile.

The processing pipeline is summarised in Figure 2.4. Most of the steps are based on the

methods described in [87] and [88], but we give a brief sketch of the method here.

Shot detection Video Audio

Audio-subtitle

Face detection OCR subtitle —— .
forced alignment

) Alignment
Face tracking
verification
A
Facial landmark AV sync & Training
detection speaker detection sentences

Figure 2.4: Pipeline to generate the dataset.
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Video preparation. A CNN face detector based on the Single Shot MultiBox Detector
(SSD) [250] 1s used to detect face appearances in the individual frames. Unlike the HOG-based
detector [21 1] used by previous works, the SSD detects faces from all angles, and shows a

more robust performance whilst being faster to run.

The shot boundaries are determined by comparing color histograms across consecutive
frames [244]. Within each shot, face tracks are generated from face detections based on
their positions, as feature-based trackers such as KLT [252] often fail when there are extreme

changes in viewpoints.

Audio and text preparation. The subtitles in television are not broadcast in sync with the audio.
The Penn Phonetics Lab Forced Aligner [426] is used to force-align the subtitle to the audio
signal. Errors exist in the alignment as the transcript is not verbatim — therefore the aligned

labels are filtered by checking against the commercial IBM Watson Speech to Text service.

AV sync and speaker detection. In broadcast videos, the audio and the video streams can
be out of sync by up to around one second, which can cause problems when the facetrack
corresponding to a sentence is being extracted. A multi-view adaptation [20] of the two-stream
network described in [$8] is used to synchronise the two streams. The same network is also
used to determine which face’s lip movements match the audio, and if none matches, the

clip is rejected as being a voice-over.

Sentence extraction. The videos are divided into individual sentences/ phrases using the
punctuations in the transcript. The sentences are separated by full stops, commas and question
marks; and are clipped to 100 characters or 10 seconds, due to GPU memory constraints. We

do not impose any restrictions on the vocabulary size.

The LRS2-BBC dataset is divided into development (train/val) and test sets according to
broadcast date. The dataset also has a “pre-train” set that contains sentence excerpts which
may be shorter or longer than the full sentences included in the development set, and are
annotated with the alignment boundaries of every word. The statistics of these sets are

given in Table 2.1. The table also compares the ‘Lip Reading Sentences’ (LRS) series of
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datasets to the largest existing public datasets. In addition to LRS2-BBC, we use MV-LRS

and LRS3-TED for training and evaluation.

Dataset Source Split Dates #Spk. #Utt. Word inst. Vocab # hours
GRID [94] - - - 51 33,000 165k 51 27.5
MODALITY [98] - - - 35 5,880 8,085 182 31
Train-val 01/2010 - 12/2015 - Sl4k 514k 500 165

LRW BBC
L57] Test 01/2016 - 09/2016 - 25k 25k 500 8
T Train-val 01/2010-02/2016 - 106k 705k 17k 68

LR BB

S50l ¢ Test 03/2016 - 09/2016 - 12k 77k 6,882 7.5
T Pre-train  01/2010 - 12/2015 - 430k 5SM 30k 730
MV-LRS [90] BBC  Train-val 01/2010 - 12/2015 - 70k 470k 15k 444
Test 01/2016 - 09/2016 - 4,305 30k 4,311 2.8
Pre-train  01/2010 - 02/2016 - 96k 2M 41k 195
Train-val 01/2010 - 02/2016 - 47k 337k 18k 29

LRS2-BB BBC
S C Test 03/2016 - 09/2016 - 1,243 6,663 1,693 0.5
Text-only 01/2016 - 02/2016 - 8M 26M 60k -
& Pre-train - 5,075 132k 42M 52k 444

TED :

LRS3-TED [5] TEDx Train-val - 3,752 32k 358k 17k 30
(YouTube) Test - 452 1,452 11k 2,136 1
Text-only - 5075 1.2M 72M 57k -

Table 2.1: Statistics on the Lip Reading Sentences (LRS) audio-visual datasets, and other existing
large-scale lip reading datasets. Division of training, validation and test data; and the number of
utterances, number of word instances and vocabulary size of each partition. Utt: Utterances. {: Not
available to the public due to license restrictions.

Datasets for training external language models. To train the language models used for evalu-
ation on each audio-visual dataset, we use a text corpus containing the full subtitles of the videos

from which the dataset’s training set was generated. The text-only corpus contains 26 M/ words.

2.4 'Training strategy

In this section, we describe the strategy used to effectively train the models, making best use
of the limited amount of data available. The training proceeds in four stages: i) the visual
front-end module is trained; i) visual features are generated for all the training data using the
vision module; iii) the sequence processing module is trained on the frozen visual features;

iv) the whole network is trained end-to-end.
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2.4.1 Pre-training visual features

We pre-train the visual front-end on word excerpts from the MV-LRS [90] dataset, using a
2-layer temporal convolution back-end to classify every clip with a word label similarly to
[360]. We perform data augmentation in the form of horizontal flipping, removal of random
frames [20, ], and random shifts of up to £5 pixels in the spatial dimensions and of +2

frames in the temporal dimension.

2.4.2 Curriculum learning

Sequence to sequence learning has been reported to converge very slowly when the number of
timesteps is large, because the decoder initially has a hard time extracting the relevant informa-
tion from all the input steps [63]. Even though our models do not contain any recurrent modules,

we found it beneficial to follow a curriculum instead of immediately training on full sentences.

We introduce a new strategy where we start training only on single word examples, and then
let the sequence length grow as the network trains. These short sequences are parts of the
longer sentences in the dataset. We observe that the rate of convergence on the training set is
several times faster, while the curriculum also significantly reduces overfitting, presumably

because it works as a natural way of augmenting the data.

The networks are first trained on the frozen features of the pre-train sets from MV-LRS,
LRS2-BBC and LRS3-TED. We deal with the difference in utterance lengths by zero-padding
the sequences to a maximum length, which we gradually increase. We then separately fine-
tune end-to-end on the train-val set of LRS2-BBC or LRS3-TED, according to which set

we are evaluating on.

2.4.3 Training with noisy audio & multi-modal training

The audio-only models are initially trained with clean input audio. Networks with multi-modal
inputs can often be dominated by one of the modes [ 125]. In our case we observe that for the

audio-visual models the audio signal dominates, because speech recognition is a significantly
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easier problem than lip reading. To help prevent this from happening, we add babble noise

with OdB SNR to the audio stream with probability p,, = 0.25 during training.

To assess and improve tolerance to audio noise, we then fine-tune the audio-only and audio-
visual models in a setting where babble noise with 0dB SNR is always added to the original
audio. We synthesize the babble noise samples by mixing the signals of 20 different audio

samples from the LRS2-BBC dataset.

2.4.4 Implementation details

The output size of the network is 40, accounting for the 26 characters in the alphabet, the 10
digits, and tokens for [space] and [pad]. For TM-seq2seq we use an extra [ sos] token
and for TM-CTC the [blank] token. We do not model punctuation, as the transcriptions

of the datasets do not contain any.

The TM-seq2seq is trained using teacher forcing — we supply the ground truth of the pre-
vious decoding step as the input to the decoder, while during inference we feed back the

decoder prediction.

Our implementation is based on the TensorFlow library [ | ] and trained on a single GeForce GTX
1080 Ti GPU with 11GB memory. The network is trained using the ADAM optimiser [2 1]
with the default parameters and an initial learning rate of 10~%, which is reduced by a factor
of 2 every time the validation error plateaus, down to a final learning rate of 10~°. For all

the models we use dropout with p = 0.1 and label smoothing.

2.5 Experiments

In this section we evaluate and compare the proposed architectures and training strategies.

We also compare our methods to the previous state of the art.

We train as described in section 2.4.2 and evaluate the fine-tuned models for LRS2-BBC

and LRS3-TED on the independent test set of the respective dataset. The inference and
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W LRS2-BBC LRS3-TED
Method +extLM +extLM

M

Google S2Tt A 20.9% 10.4%

WAS [86] A% 70.4% - - -
TM-CTC A% 65.0% 547%  74.7% 66.3%
TM-CTC A 15.3% 10.1% 13.8% 8.9%
TM-CTC AV 13.7% 8.2% 12.3% 7.5%
TM-seq2seq \Y 49.8% 48.3%  59.9% 58.9%
TM-seq2seq A 10.5% 9.7% 9.0% 8.3%
TM-seq2seq AV 9.4% 8.5% 8.0% 7.2%

Noisy

Google S2Tt A 86.3% 70.3%

TM-CTC A 64.7% 534%  65.6% 56.3%
TM-CTC AV 33.5% 23.6%  37.2% 27.7%
TM-seq2seq A 58.0% 574%  60.5% 57.9%
TM-seq2seq AV 359% 342%  44.3% 42.5%

Table 2.2: Word error rates (WER) on the LRS2-BBC and LRS3-TED datasets. The second
column (M) specifies the input modalities: V, A, and AV denote video-only, audio-only, and
audio-visual models respectively, while + extLM denotes decoding with the external language model.
]L https://cloud.google.com/speech-to-text, accessed 3 Jllly 2018.

evaluation procedures are described below.

Test time augmentation. During inference we perform 9 random transforms (horizontal
flipping of the video frames and spatial shifts up to -5 pixels) on every video sample, and pass
the perturbed sequences through the network, in addition to the original. For TM-seq2seq we

average the resulting logits whereas for TM-CTC we average the visual features.

Beam search. Decoding is performed with beam search of width 35 for TM-Seq2seq
and 100 for TM-CTC (the values were determined on a held-out validation set from the

train-val split of LRS2-BBC).

Evaluation protocol. For all experiments, we report the Word Error Rate (WER) which
is defined as WER = (S + D + I)/N, where S, D and I are the number of substitutions,
deletions, and insertions respectively to get from the reference to the hypothesis, and N is

the number of words in the reference.


https://cloud.google.com/speech-to-text

2. Deep Audio-Visual Speech Recognition 40

Experimental setup. The rest of this section is structured as follows: First we present
results on lip reading, where only the video is used as input. We then use the full models
for audio-visual speech recognition, where the video and audio are assumed to be properly
synchronised. To assess the robustness of our models in noisy environments we also train and
test in a setting where babble noise is artificially added to the utterances. Finally we present
some experiments on non-synchronised video and audio. The results for all experiments are
summarized in Table 2.2, where we report word error rates depending on whether a language

model is used during decoding or not.

2.5.1 Lips only

Results. The best performing network is TM-seq2seq, which achieves a WER of 48.3% on
LRS2-BBC when decoded with a language model, an absolute improvement of over 22%
compared to the previous 70.4% state-of-the-art [86]. This model also sets a baseline for

LRS3-TED at 58.9%.

In Figure 2.5 we show how the WER changes as a function of the number of words in a test
sentence. Figure 2.6 shows the performance of the models on the 30 most common words.
Figure 2.7 shows the effect of increasing the beam width for the video-only TM-seq2seq
model when evaluating on LRS2-BBC. It is noteworthy that increasing the beam width is more

beneficial when decoding with the external language model (+ extLM).

Decoding examples. The model learns to correctly predict complex unseen sentences from

a wide range of content — examples are shown in Table 2.3.

2.5.2 Audio-visual speech recognition

The visual information can be used to improve the performance of ASR, particularly in
environments with background noise [277, , ]. Here, we analyse the performance of

the audio-visual models described in Section 2.2.
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but this particular reality was not inevitable

it would have been completely alien to the rest of london

comes from one of the most beautiful parts of the world

everyone has gone home happy and that’s what it’s all about

especially when it comes to climate change

but it’s a different type of animal I want to show you right now

but these are one of the most wary birds in the world

there’s always historical treasures to look at

and so how does your brain give you that detail

but this is the source of innovation

the choices don’t make sense because it’s the wrong question

but it’s a global phenomenon

mortality is not going down it’s going up

Table 2.3: Examples of unseen sentences that TM-seq2seq correctly predicts (video only).

Results. The results in Table 2.2 demonstrate that the mouth movements provide important cues
in speech recognition when the audio signal is noisy; and give an improvement in performance
even when the audio signal is clean — for example the word error rate is reduced from 10.1%
for audio only to 8.2%, when using the audio-visual TM-CTC model. The gains when using

the audio-visual TM-seq2seq compared to the audio-only model are similar.

Decoding examples. Table 2.4 shows some of the many examples where the model fails
to predict the correct sentence from the lips or the audio alone, but successfully deciphers

the words when both streams are present.

Alignment and attention visualisation. The encoder-decoder attention mechanism of the
TM-seq2seq model generates explicit alignment between the input video frames and the
hypothesised character output. Figure 2.9 visualises the alignment of the characters “comes
from one of the most beautiful parts of the world” and the corresponding video frames. Since
the architecture contains multiple attention heads, we obtain the alignment by averaging the

attention masks over all the decoder layers in the log domain.

Noisy audio. We perform the audio-only and audio-visual experiments with noisy audio,
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Figure 2.5: Word error rate per number of words in the sentence for the video-only models, evaluated
on the test set of LRS2-BBC. We exclude sentence sizes represented by less than 5 samples in the set
(i.e. 15,16 and 19 words). The dashed lines show the average WER over all the sentences. For both
models, the WER is relatively uniform for different sentence sizes. However samples with very few
words (3) appear to be more difficult, presumably because they provide less context.

synthesized by adding babble noise to the original utterances. Speech recognition in a noisy
environment is extremely challenging, as can be seen from the significantly lower performance
of the off-the-shelf Google S2T ASR baseline (over 60% performance degradation compared
to clean). This difficulty is also reflected on the performance of our audio-only models, that
the word error rates similar to the ones obtained when only using the lips. However combining
the two modalities provides a significant improvement, with the word error rate dropping
significantly, by up to 30%. Notably, the audio-visual models perform much better than either

the video-only, or audio-only ones under the presence of loud background noise.

AV attention visualization. In Figure 2.10 we compare the attention masks of different

TM-seq2seq models in the presence and absence of additive babble noise in the audio stream.
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Figure 2.6: Per word F1, Precision and Recall rates, on the 30 most common words in the LRS2-BBC
test set, for the video-only models. The measures are calculated via the minimum edit-distance
operations (details in the Appendix). For all words and both models, precision is higher than recall.

2.5.3 Out-of-sync audio and video

Here, we assess the performance of the audio-visual models when the audio and video inputs
are not temporally aligned. Since the audio and video have been synchronised in our dataset,
we synthetically shift the video frames to achieve an out-of-sync effect. We evaluate the
performance on de-synchronised samples of the LRS2-BBC dataset. We consider the TM-
CTC and TM-seq?2seq architectures, with and without fine-tuning on randomly shifted samples.
The results are shown in Figure 2.8. It is clear that the TM-seq2seq architecture is more resistant
to these shifts. We only need to calibrate the model for one epoch for the out-of-sync effect to
practically vanish. This showcases the advantage of employing independent encoder-decoder
attention mechanisms for the two modalities. In contrast, TM-CTC, that concatenates the two

encodings, struggles to deal with the shifts, even after several epochs of fine-tuning.
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Figure 2.7: The effect of beam width on Word Error Rate for the video-only TM-seq2seq model, when
evaluating on LRS2-BBC.

2.5.4 Discussion on seq2seq vs CTC

The TM-seq2seq model performs significantly better for lip-reading in terms of WER, when
no audio is supplied. For audio-only or audio-visual tasks, the two methods perform similarly.
However the CTC models appear to handle background noise better; in the presence of loud
babble noise, both the audio-only and audio-visual TM-seq2seq models perform significantly

worse that their TM-CTC counterparts.

Training time. The TM-seq2seq models have a more complex architecture and are harder
to train, with the full audio-visual model taking approximately 8 days to complete the full
curriculum for both datasets, on a single GeForce Titan X GPU with 12GB memory. In contrast,
the audiovisual TM-CTC model trains faster i.e. in approximately 5 days on the same hardware.
It should be noted however that since both architectures contain no recurrent modules and no

batch normalization, their implementation can be heavily parallelized into multiple GPUs.
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Transcription WER %
GT your job needs to be challenging
A\ job is to be challenging 33
A your child needs to be challenging 16
AV your job needs to be challenging 0
GT Imean I thought poetry was just self expression
v I'mean I thought poetry would just suffer as pressure 44
A I mean not thought poetry was just self expression 11
AV I'mean I thought poetry was just self expression 0

GT cluster bombs left behind

v unless you perhaps have blind 125
A close to bombs left behind 25
AV cluster bombs left behind 0
GT I was the first non family investor in amazon

A\ I was the first not family of us are absurd 55
A I was the first non family in bester and amazon 33
AV T'was the first non family investor in amazon 0

Table 2.4: Examples of AVSR results. GT: Ground Truth; A: Audio only; V: Video only; AV:
Audio-visual.

Inference time. Decoding of the TM-CTC model does not require auto-regression and
therefore the CTC probabilities need only be evaluated once, regardless of the beam width
W. This is not the case for TM-seq2seq, where for every step of the beam search, the decoder
subnetwork needs to be evaluated 1/ times. This makes the decoding of the CTC model

faster, which can be an important factor for deployment.

Language modelling. Both models perform better when an external language model is
incorporated in the beam search, however the gains are much higher for TM-CTC, since no

explicit language consistency is enforced by the visual model alone.

Generalization to longer sequences. We observed that the TM-CTC model generalizes better
and adapts faster as the sequence lengths are increased during the curriculum learning. We

believe this also affects the training time as the latter takes more epochs to converge.
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Figure 2.8: WER scored by the audio-visual models on LRS2-BBC when the video frames are
artificially shifted by a number of frames compared to audio. The TM-seq2seq model is only fine-tuned
for one epoch, while CTC for 4 epochs on the train-val set.

2.6 Conclusion

In this paper, we introduced a large-scale, unconstrained audio-visual dataset, LRS2-BBC,

formed by collecting and preprocessing thousands of videos from the British television.

We considered two models that can transcribe audio and video sequences of speech into charac-
ters and showed that the same architectures can also be used when only one of the modalities is
present. Our best visual-only model surpasses the performance of the previous state-of-the-art
on the LRS2-BBC lip reading dataset by a large margin, and sets a strong baseline for the
recently released LRS3-TED. We finally demonstrate that visual information helps improve
speech recognition performance even when the clean audio signal is available. Especially in the

presence of noise in the audio, combining the two modalities leads to a significant improvement.
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video frame #

comes from one of the most beautiful parts of the world

transcription

Figure 2.9: Alignment between the video frames and the character output with TM-seq2seq. The
alignment is produced by averaging all the encoder-decoder attention heads over all the decoder layers
in the log domain.

Appendices

Appendices for this chapter can be found in the online version of the paper.'

Statement of authorship

A statement of authorship for this paper is provided in Appendix A.
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Figure 2.10: Visualization of the effect of additive noise on the attention masks of the different
TM-seq2seq models. We show the attentions on (a) the clean audio utterance, and (b) on the noisy
utterance which we obtain by adding babble noise to the 25 central audio frames. Comparing (c) with
(d), the attention of the audio-only models appears to be more spread around the area where the noise
is applied, while the last frames are not attended upon. Similarly for the audio-visual model, the audio
attention is more focused when the audio is clean (f) compared to when it is noisy (g). The ground
truth transcription of the sentence is “one of the articles there is about the queen elizabeth”. Observing
the transcriptions, we see that the audio-only model (d) does not predict the central words correctly
when noise is added, however the audio-visual model (g & h) successfully transcribes the sentence, by
leveraging the visual cues. Interestingly, in this particular example, the transcription that the video-only
model outputs (e) is completely wrong; the combination of both modalities however yields a correct
prediction. Finally, the attention mask of the AV model on the video input (f) has a clear monotonic
trend and is similar to the one of the video-only model (e); this also verifies that the model indeed learns
to use the video modality even when audio is present.
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Abstract
The goal of this paper is to learn strong lip reading models that can recognise speech in silent
videos. Most prior works deal with the open-set visual speech recognition problem by adapting
existing automatic speech recognition techniques on top of trivially pooled visual features.
Instead, in this paper we focus on the unique challenges encountered in lip reading and propose
tailored solutions. To that end we make the following contributions: (1) we propose an attention-
based pooling mechanism to aggregate visual speech representations; (2) we introduce a novel
data augmentation method based on dropping parts of the input and output sequences; (3) we
use sub-word units for lip-reading for the first time and show that this allows us to better model
the ambiguities of the task; (4) we propose a training pipeline that balances the lip-reading
performance with other key factors such as data and compute efficiency. Following the above,
we obtain state-of-the-art results on the challenging LRS2 and LRS3 benchmarks when training
on public datasets, and even achieve results comparable with works trained on large-scale
industrial datasets by using an order of magnitude less data. Our best model achieves 31.3%
word error rate on the LRS2 dataset, a performance unprecedented for lip-reading models, sig-
nificantly reducing the performance gap between lip-reading and automatic speech recognition.

To be published in the proceedings of the Conference on Computer Vision and Pattern

Recognition (CVPR) 2022.

3.1 Introduction

Lip reading, or visual speech recognition, is the task of recognising speech from silent video.
It has many practical applications which include improving speech recognition in noisy
environments, enabling silent dictation, or dubbing and transcribing archival silent films [196].
It also has important medical applications, such as helping speech impaired individuals, e.g.
people suffering from Lou Gehrig’s disease speak [347], or enabling people with aphonia

(loss of voice) to communicate just by using lip movements.

49
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Lip reading and audio-based automatic speech recognition (ASR) both have the common
goal of transcribing speech, however they differ regarding the input: while in ASR the input
signal is an audio waveform, in essence a one-dimensional time-series, lip reading has to deal
with high-dimensional video inputs that have both temporal and spatial complexity. This
added complexity makes training large end-to-end models harder due to GPU memory and
computation constraints. Furthermore, understanding speech from visual information alone
is challenging due to inherent ambiguities present in the visual stream, i.e. the existence of
homophemes, different characters that are visually indistinguishable (e.g. ‘pa’, ‘ba’ and ‘ma’).
That lip reading is a much harder task is also supported by the fact that although humans can
understand speech reasonably well even in the presence of noise and through a variety of

accents, they perform relatively poorly on lip reading [26, 87].

Designing a lip reading model requires both a visual component — mouth movements need to
be identified — as well as a temporal sequence modelling component, which typically involves
learning a language model that can resolve ambiguities in individual lip shapes. Recent
developments in deep learning models and the availability of large scale annotated datasets
has led to breakthroughs, surpassing human performance [87]. However, most of these works
have taken the approach of adapting techniques used for ASR and machine translation, without

catering to the particularities of the vision problem.

The conjecture in this paper is that the performance of lip reading, in terms of both accuracy
and data efficiency, can be improved if the model is designed from the start taking account of
the peculiarities of the visual, rather than the audio domain. To this end, we make four

contributions to this design.

Visual encoding. Our first contribution is the design of a novel visual backbone for lip reading.
The spatio-temporal complexity in lip reading requires dealing with problems such as tracking
the mouth in moving talking heads. This is usually achieved with complicated pre-processing
pipelines based on facial landmarks. However, those are sub-optimal in many cases. For
example, landmarks don’t work well in profile views [200]. Moreover, it is unclear what is the
optimal region-of-interest for lip reading: it has been shown that besides the lips, other parts

of the face, e.g. the cheeks, may also contain useful discriminative information [439]. Also,
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this region-of-interest can vary drastically in terms of scale, aspect ratio across identities and
utterances. Thus, in this work, we propose an end-to-end trainable attention-based pooling
mechanism that learns to track and aggregate the lip movement representations, resulting

in a significant performance boost.

Text tokenisation. Lip reading methods most commonly output character-level tokens. This
output representation however is suboptimal as characters are more fine-grained than the input,
with multiple characters corresponding to a video frame. Furthermore, characters do not
encode any prior knowledge about the language, leading to higher dependence on external
language models which must also ‘learn to read’. In this work we instead use sub-word tokens
(word-pieces) which not only match with multiple adjacent frames but are also semantically
meaningful for learning a language easily. Word-pieces result in much shorter (than character)
output sequences which greatly reduces the training time of the sequence Transformer. They
also provide a language prior, reducing the language modelling burden of the model. We

experimentally compare character and word-piece tokenization to justify this choice.

Training curriculum. Curriculum learning has been used in both ASR and lip reading as a
way to accelerate model convergence and improve final performance. Prior lip reading works
are often trained in two stages [2, 87]: First the visual backbone is pre-trained on a limited
context lip reading task (e.g. word-level recognition); the backbone is then frozen and a new
sequence model is trained on top of it on a sentence-level task. The second stage follows a
curriculum [2, 87] that gradually increases the length of the sentences, a practice that has its
roots in audio sequence modelling [63]. Among other findings in this work, we show that (i)
it is possible to skip word-level lipreading and pre-train the backbone directly on the sentence
transcription task, albeit keeping the sentences to a manageable level, e.g. 2 words, and (i1)
that the complicated curriculum that gradually increases the sentence length only gives a slight

benefit over simply sub-sampling word sequences as a form of augmentation.

Temporal Augmentation. Although spatial augmentation methods for improving the ro-
bustness of the visual backbone are commonly used for lip reading, not many temporal

augmentation techniques have been proposed for this task — even though such augmentations
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have been shown to improve performance for sequence-to-sequence tasks like Translation,
and ASR [300]. A final contribution is to introduce a simple, yet very effective way to reduce

overfitting by randomly dropping output words and corresponding input frames.

Besides improving performance on the sentence-level lip reading task itself, obtaining im-
proved lip movement representations can have broader impact, as those are often used for other
related downstream tasks — e.g. sound source separation [ 1 20], visual keyword spotting [270],
and visual language identification [8]. Moreover the temporal augmentation we propose can

be extended to other visual speech translation tasks, such as sign language recognition [383].

In summary, we make the following four contributions and show their benefits to improving
lip reading performance: (i) a visual backbone architecture using attention based pooling on
the spatial feature map; (i1) a temporal augmentation technique based on dropping words and
the corresponding visual sub-sequence; (iii) the use of sub-word units, rather than characters
for the language tokens; and (iv) a two stage curriculum training schedule that simplifies

training, without significant performance cost.

As will be seen, with these design choices and training methodology, the performance of our
best models exceeds prior work on standard evaluation benchmarks, and even approaches

proprietary models that use an order of magnitude more data for training.

3.2 Related Work

We present an overview of prior work on lip reading, including a discussion of how these
methods select and track the visual regions of interest, as well as the output tokenisations
they use, followed by a brief overview of temporal augmentations and the use of attention

for visual feature aggregation in other domains.

Lip reading. Early works on lip reading relied on hand-crafted pipelines and statistical models
for visual feature extraction and temporal modelling [157, 251, , 299, 310]; an extensive
review of those methods is presented in [447]. The advent of deep learning and the availability

of large scale lip reading datasets such as LRS2 [86] and LRS3 [5], rejuvinated this area.
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Progress was initially on word level recognition [87, 360], and then moved onto sentence level
recognition by adapting models developed for ASR using LSTM sequence-to-sequence [86] or
CTC [26, 347] approaches. [305] take a hybrid approach, training an LSTM-based sequence-
to-sequence model with an auxiliary CTC loss. One trend in recent work is moving to
Transformer based architectures [2], or variants using convolution blocks [435], and hybrid
architectures like a Conformer [ 1 64]. Another trend is to investigate the benefits of training
with larger datasets, either directly by training on proprietary data that is orders of magnitude
larger than any public dataset [256], or indirectly by distilling ASR models into lip reading
ones [7, , ]. For visual feature extraction and short-term dynamic modelling, most
modern pipelines rely on spatio-temporal CNNs consisting of multiple 3D convolutional
layers [26, ], or more lightweight alternatives that comprise a single 3D convolutional

layer followed by 2D ones [2, 87, ] applied frame-wise.

Mouth ROI selection, registration and tracking. A thorow investigation on facial region of
interest (ROI) selection for lip reading is provided by [439]. The videos included in datasets like
LRS2 and LRS3 are commonly preprocessed with a face detection and tracking pipeline which
outputs clips roughly centered around the speaker’s face. Many previous works use a central
crop on the provided videos as input to the feature extractors [2, , 360]. More elaborate
pipelines use facial landmarks to register the face to a cannonnical view and/or only extract
the crops of the mouth area [26, 223, 256, 304, 347, 435]. [439] propose inputting a large part
of the face, combined with Cutout[ | 08] to encourage the model to also use the extra-oral face
regions. After selecting which input region to extract the low-level CNN features from, all
above works apply Global Avarage Pooling (GAP) on the extracted visual features map; this
obtains a compact representation, but discards spatial information. Recent works [435] have

shown that replacing GAP with a Spatio-temporal fusion module improves performance.

Text tokenisation. Most prior works on lip reading output character-level predictions [2, 85,

, , , , ]. Those approaches usually use an external language model during
inference to boost performance[204, 254]. Instead [34 7] chose to output phoneme sequences,
using phonetic dictionaries. This approach has the advantage of a more accurate mapping of

lip-movements to sounds, but requires a complicated decoding pipeline involving a proprietary
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finite-state-transducer. [126, ] use a hard-crafted heuristic to map words onto viseme
sequences and vice versa, and use viseme tokens for representing the output and target text.
In this work we instead propose using sub-word level tokenisation, which greatly reduces
the output sequence length, thus accelerating both training and inference, and neatly encodes

prior language information improving overall performance.

Temporal augmentation in sequence learning. For automatic speech recognition, simple
temporal augmentation methods, including time/frequency spectrogram masking [300] and
input speed perturbation [238], have been shown to considerably boost performance. Augmen-
tation techniques based on randomly deleting, adding or replacing tokens in sentences have
been proposed to reduce overfitting for machine translation [37, 358, 432], while adversarial
methods have been shown to increase the efficacy of these perturbations [74, , ]. For
lip reading, temporal augmentations have been limited to random deletion and duplication

of input frames [26].

Visual feature aggregation with attention. Our work is also related to methods that use
attention for improving visual representations of images or videos. [195, 397] use attention-
weighted-averages of visual features as building blocks for various classification and detection
tasks, while OCNet [428] uses self-attention to model context between pixels for semantic
segmentation. A number of recent papers has replaced convolutions with Transformer [384]
blocks in visual representation pipelines. DETR [59] and efficient DETR [420] learn object
detectors by applying spatial transformers on top of CNN feature extractors. Similarly, the
Visual Transformer [406] tokenises low-level CNN features and then processes them using
a Transformer to model relationships between tokens. ViT [1 1 1] completely removes CNNs
from the visual pipeline, replacing them with Transformer layers applied on image patch
sequences, while the Timesformer [38] has been suggested as a purely Transformer-based

solution for video representation learning.
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Figure 3.1: Proposed lip reading architecture. Left: The input video frames are passed through
a spatio-temporal CNN to extract low-level visual features f. The feature map corresponding to every
input frame is then separately processed by a Visual Transformer Pooling module (VTP). The VTP
block adds spatial positional encodings (SPE) to the input features and passes the result through a
Transformer encoder to produce a self-attended feature map z;. A query vector Q44+ is used to compute
an attention mask which is in turn used to obtain a spatially weighted average of z;. This produces
a compact visual representation of the appearance and lip movement around each input video frame.
Concatenating the frame-wise features forms a temporal feature sequence g. This is passed as input to
an encoder-decoder Transformer (right) that auto-regressively predicts sub-word probabilities for one
token at a time. An output sentence is eventually inferred from these distributions using a beam search.

3.3 Method

In this section we describe our proposed method. The architecture of the model is outlined
in Figure 3.1. Next, we explain each stage of the pipeline and refer the reader to the arXiv

version of the paperfor further architecture and training details.

3.3.1 Visual backbone

CNN. The input to the pipeline is a silent video clip of T" frames, x € RT*HxWx3 = A
spatio-temporal residual CNN is applied on subclips of 5 frames (i.e. 0.2s) with a unit frame
stride, to extract visual spatial feature maps f € RT7*"wx¢  Typically H = W = 224,
h =w = 14, and C = 512.

Visual Transformer Pooling.

The CNN feature map f; € R"*“*¢ corresponding to every input frame ¢ € {1,...,T'} is

processed individually by a shared Visual Transformer Pooling (VTP) block: The feature



3. Sub-word Level Lip-reading with Visual Attention 56

map is first flattened, then spatial positional encodings (SPE) are added to it; the result is
passed through an encoder consisting of Ny p Transformer layers, to produce an enhanced

self-attended feature map
zi=encoder,(fi+SPE.p,) € R*M*C,
A learnable query vector Qs € R is then used to extract a visual attention mask

a, = softmax(Qly, z) e R

The attention mask is used to compute a weighted average over the self-attended feature map
1 hw
c
g=-—)Y a/z'€R
hw =

where a;' and z;* denote the feature and attention weight respectively, associated with frame
t and location u € {1,...,hw}. By stacking the resulting vectors g; in time, we obtain an
embedding sequence g = (g1,g>--,g7) € RT* which contains a compact spatio-temporal

representation for every input frame.

3.3.2 Transformer encoder-decoder

Anencoder-decoder Transformer model is used to predict a text token sequence s = (S,52°+,57,,. )
from the source video embedding sequence g, one token at a time: temporal positional
encodings (PE) are added to g, and the result is input to an encoder, which consists of N,

multi-head Transformer layers, to produce a self-attended embedding sequence
Gene =encoder(g+PEyp) e RTC.

The decoder, which consists of N4 Transformer layers, then attends on this sequence
and predicts the output text token sequence s in an auto-regressive manner, by factorising
its joint probability:

Tdec
logp(s]w):Zlogp(st| genc(*cc);Sl:tfl) (31)
t=1
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where positional encodings have also been added to the auto-regressive decoder inputs

as in [384].

The text sentences are encoded into token sequences (and vice versa tokens are decoded into

text) using a sub-word level tokeniser, in particular WordPiece [407].

Beam search decoding and rescoring. Decoding is performed with a left-to-right beam
search of width B. Additional language knowledge can be incorporated by using an external
language model (LM) to rescore [64] the B-best hypotheses {s;---sp} that the beam search
results in, and obtain the highest scoring one as the final sentence prediction:

Spest = argmax [ alogp(s|x)+(1—a)logpras(s) |

s€{s1--sp}

3.3.3 Training

Optimisation objective. Given a training dataset D consisting of pairs (x,s*) of video clips
and their ground truth transcriptions, the model is trained to maximise the log likelihoods

of the transcriptions by optimising the following objective

L=—E ¢)eplogp(s™|x) (3.2)

Teacher forcing. To accelerate training we follow common practice for sequence-to-sequence
training with Transformers, and feed in the previous ground truth token as the decoder input
at every step, instead of using auto-regression. The tokens are fed into the decoder via a

learnable embedding layer.

Temporal augmentation. To increase robustness and reduce overfitting we propose a novel
augmentation techinque during training: For a video-text pair (x,s*) we randomly drop a
word with probability p; from s* and remove the corresponding video frames from x. This
requires knowledge of the word boundaries in the training set which can be automatically

obtained using forced alignment of the text transcriptions to the audio speech, and is commonly
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included in lip reading datasets. Thus, it requires no extra manual annotations and is also

simple and computationally inexpensive to implement.

Training protocol. Training is performed in two stages. First the whole network is trained
end-to-end on short sentences of 2 words. Following [2, 7] we use frame word-boundaries
to crop out training samples from all the possible combinations of 2 consecutive words in
the datset, which provides natural augmentation. Once training converges, we freeze the
visual backbone, then pre-extract and dump the visual features of all the samples in the
training dataset. In the second training stage that follows, we train the encoder-decoder
subnetwork on all possible sub-sequences of length 2 or larger that can be generated by

combining consecutive word utterances in the dataset.

Discussion. We note that our proposed curriculum is much simpler than the ones commonly
used in prior works [2, 87, ], since (i) the same network and loss are used during the back-
bone pre-training stage, which provides a good initialization of the entire network and enables
a smooth transfer; this is in contrast to other works that pre-train with a different proxy loss
and require a separate word classification head which is subsequently discarded; and (ii), the
second stage 1s significantly simpler to implement and requires a single run, unlike curriculums
that gradually increase the length of the training sentences and usually require a complicated
tuning process with multiple manual restarts. In the following section we include experiments

that compare these different curriculum choices in terms of both performance and training time.

3.4 Experiments

3.4.1 Data

LRS2 & LRS3. For training and evaluation we use two publicly available sentence-level lip
reading datasets: LRS2 [87] and LRS3 [5] . LRS2 contains video clips from a variety of shows
from British television, such as Countryfile and Top Gear; the transcribed content sums up to

approximately 224 hours in total. LRS3 has been collected from over 5 thousand TED and
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Evaluation
Method Datasets used Total # hours LRS2 LRS3
LIBS [445] LRS2,LRS3 698 | 65.3 -
Hyb. CTC/Att. [305] LRS2, LRW 389 | 63.5 -
TDNN [423] LRS2 224 | 489 -
Conv-seq2seq [435] LRS2,LRS3 698 | 51.7 60.1
CTC+KD|[7] LRS2, LRS3, VoxCeleb2? 1,032 51.3 59.8
Hyb. + Conformer [253] LRS2, LRW 389 | 379 -
Hyb. + Conformer [253] LRS3, LRW 639 - 433
Ours LRS2, LRS3 698 | 324 41.9
TM-seq2seq [2] LRS2, LRS3, LRW, MV-LRS' 1,637 | 483 58.9
CTC-V2P [347] LSVSR' 3,886 - 55.1
RNN-T [256] YT31k! 31,000 - 33.6
Ours LRS2, LRS3, MV-LRS' 1,472 289 39.0
Ours LRS2, LRS3, MV-LRS', TEDX. 2,676 | 26.7 34.5

Table 3.1: Comparison of different lip reading models on the test sets of the LRS2 and LRS3 datasets,
including the datasets and the aggregate number of hours used for training each model, in terms of Word
Error Rate % (WER, lower is better). Our model achieves state-of-the-art results, outperforming all
previous baselines when trained on publicly available data (i.e. LRS2 and LRS3). If we additionally use
MV-LRS and TEDxX, for training, then our best model obtains results comparable with those of [256]
who train on a very large scale industrial datastet, even though we are only using an order of magnitude
less data. This is indicative of the data efficiency of our proposed pipeline. fLarge non-public labelled
datasets: MV-LRS [2] contains 730 hours, LSVSR [347] 3.9k hours, and YT31k [256] 31k hours of
transcribed video. funlabelled dataset. Results shown in blue have been obtained by training (partly
or entirely) on data that are non-publicly available.

TEDx talks in English, available on YouTube, totalling 475 hours. Both datasets have been cre-
ated using a detection and tracking pipeline that produces face-cropped clips roughly centered
around the speaker’s talking head. All videos are available at a 224 x 224 pixel resolution and
25 fps. The datasets contain a “pretrain” partition that includes extensive head tracks including
word boundaries that have been produced by force-aligning subtitles to the audio. Those word

alignments enable training at any granularity. The test sets contain only full sentences.

Additional dataset: TEDX.y. In order to obtain more training data, we create a new dataset
from TEDx talks downloaded from YouTube, by using a pipeline similar to [5]. We collect

13,211 TEDx talks in English that are not included in LRS3. Unlike the videos used for the
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creation of LRS3, the new videos do not have any manual transcriptions, therefore to obtain
text supervision we use the closed-captions automatically produced by the YouTube ASR
system. As these captions are only approximately aligned to the audio, we use the Montreal
Force Aligner [260] to obtain more accurate alignments for the word boundaries needed
by our training pipeline (see Section 3.3 of the main paper). For the rest of the processing
(face detection, tracking and cropping) we used the same pipeline as in [5]. The resulting
training dataset contains 1,204 hours in total over 318,459 visual speech tracks, including text
transcriptions with word boundary alignment. We call this new training set TEDX.,. We note
that since this pipeline does not require any manual transcriptions, the supervision comes for
free, therefore it is easily scalable. However the supervision is not as strong due to the noise

in the training data introduced by the imperfect ASR transcriptions.

3.4.2 Implementation details

During the first training stage we apply random visual augmentations on the input frames
to reduce ovefitting: the input videos are first resized to a square 160 pixels resolution, from
which a random square 112-pixel crop is extracted. Random horizontal flipping and brightness
jittering are also applied before inputting to the lip reading pipeline. During inference we use
the central 112-pixel crop, without any augmentations. Our proposed temporal augmentation
method described in Section 3.3.3 is applied directly on the dumped visual representations,
during the second training stage of training. A word is dropped from a sentence with p;="70%
probability. We use the WordPiece tokenizer of the pre-trained BERT model in HuggingFace !,
with a vocabulary of 30522 tokens. We also use an off-the-shelf GPT2 language model for
beam rescoring. We set Ny p=3 layers with 8 heads each for the encoder of the VTP module.
The encoder-decoder Transformer contains N,,.= 6 and N4 =6 layers with 8 attention heads
per layer everywhere. We use sinusoidal positional encodings [384] for both SPE and PE.
For the beam rescoring we set hyperparameter « to 0.7. We train all models with the Adam
optimiser[213] with 8; = 0.9, 82 = 0.98 and € = 10~. In the first stage of the training we

follow a Noam learning rate schedule[3&4] for the first 30 epochs and then reduce the learning

'https://huggingface.co/transformers/pretrained_models.html
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Method WER Method WER Max. len. Time Method WER Time
TM-seq2seq’ baseline 39.6 Char. 39.4 100 40h Curr. 2-9words [2] 35.3 15h
+ WordPiece 36.9 BPE 36.9 35 20h 3 -9 words 38.1 5h
+ VTP 339 WP 353 25 15h 2 -9 words 35.8 8h
+ Temporal augmentations 33.0 ] 2 - 14 words 35.6 16h
+ Beam LM rescoring 304  Table 3.3: Ablation on the

Table 3.2: Ablation on the de-
sign improvements proposed in
this work. The results reported
are for the test set of the LRS2
dataset. It is clear that all
the proposed components
contribute independently
to the performance boost.
f The baseline is an improved
version of TM-seq2seq[?]
(see the arXiv version of the
paperfor full details) .

choice of text tokenization.

Using sub-word tokenisation
over characters yields shorter
output sequences and results
in both better performance and
faster training. From the two
sub-word unit tokenization
methods we  considered,

WordPiece outperforms BPE.

Char: Character tokenisation;
BPE: byte pair encoding;
WP: WordPiece. Time: Total
training time (second stage);

Table 3.4: Training protoccol
ablation. Our proposed train-
ing schedule is much simpler
to implement and obtains very
similar performance to the
more complicated curriculum
of [2] in half the training
time. Curr.: Curriculum that
gradually increases the length
of the training utterances.
Time: Total training time in
hours (second stage).

rate by a factor of 5 every time the validation loss plateaus, until reaching 10~°. For the second
stage, the learning rate is initially set to 5e~° and reduced by a factor of 5 on plateau down to
10~°. For our best reported models, the first stage of training takes approximately 10 days on

4 Tesla v100s GPUs. The second stage takes 1.5 days on 1 Tesla v100 GPU.

3.4.3 Results

State-of-the-art lipreading. We compare the results of our method to existing works in
Table 3.1. Additional results, including character error rate CER evaluation and larger models
are included in the arXiv version of the paper. Itis clear that our best model outperforms all prior
work trained on public data, on both the LRS2 and LRS3 benchmarks. In particular compared
to the strongest baseline of Ma et al. [253] our best model performs 5.5% better on LRS2 and
1.4% better on LRS3. When also using MV-LRS for training, we obtain a significant boost,
achieving 28.9% and 30.0% WER for LRS2 and LRS3 respectively. Finally, in order to slightly
reduce the gap in terms of training data with [256], we train on the extra 1,204 hours of TEDXcy;.
This gives us a further boost, enabling our best model to reach an unprecedented 26.7 % WER

on LRS2, and 34.5% WER on LRS3, only 0.9% higher than the performance of [256]. We
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Figure 3.2: Visualization of the visual attention masks a from the VTP module superimposed on the
input frames that produce them. The video clips used here are random samples from the LRS3 dataset.
It is evident that the model follows the more discriminative mouth region.

note that the later uses 31k hours of training data, while we only train on 2.7k hours, to achieve

comparable results, which suggests that our proposed pipeline is much more data efficient.

Ablations. To better understand the influence of our proposed design choices, we perform a
number of ablations, starting from a variation of the TM-seq2seq model[2]?, and building up
to our full model. We summarize the results of this study in Table 3.2. It is clear that all the
proposed improvements give significant performance boosts and are largely orthogonal. In
particular, the use of WordPiece tokens contributes a 3.3% absolute improvement on LRS2,
while introducing the VTP module decreases the WER by an extra 3%. Adding the temporal
augmentation during training and a beam rescoring with an external language model contribute

another 0.9% and 0.6% improvement respectively.

Ablation on text tokenisation. In Table 3.3 we investigate different text tokenisation choices.
We compare the character-level baseline with two sub-word unit tokenisation methods, namely
byte pair encoding (BPE) [ 136, 340] and WordPiece [407]. We observe that using sub-word
tokens results in much shorter output sequence lengths. For example for the utterances of
the LRS2 test set, the average sentence length is 75 characters compared to 35 BPE tokens

and 25 WordPiece tokens. This difference results in shorter training times for the sub-word

2Using the same CNN extractor as our model for fair comparison, see the arXiv version of the paperfor details.
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tokenised models, because of the lower computation cost, as well as faster convergence,
presumably because of the inherent encoding of language priors that they provide. In terms of
WER performance too, it is apparent that the sub-word level models outperform the character
baseline. Of the two sub-word tokenization choices, WordPiece provides a small boost

against BPE (35.3% vs 36.9% WER).

Training protocol ablation. In Table 3.4 we explore different training protocol settings for
the second training stage. We note that for the results reported here we do not use Temporal
augmentation or LM rescoring. As the baseline we consider the complex curriculum proposed
by [2], where training starts with short sequences of 2 words and gradually moves to longer
sequences up to 9 words. This setting indeed gives us the best result, 35.3% WER on the
LRS?2 test set, but comes at a price of longer training time (15 hours). We then proceed to
training on all possible sub-sequences of 2-9 words as described in Section 3.3.3. We observe
that compared to the full curriculum, this method obtains only slightly worse results (35.8%
WER), but trains almost 2 x faster. We therefore conjecture that it is the natural augmentation
by considering different sub-sequences that provides most of the performance boost, while
the gradual warmup of the model contributes very little, contrary to the assumptions of [2].
Moreover we note that this curriculum is much simpler to implement and run, as it requires
minimum manual configuration. We can also note that although skipping the training on
word-pairs (training from 3 to 9 word sequences) converges faster, it is detrimental to final
performance (2.3 % WER worse). Finally, training on longer sequences (up to 14 words)

provides a slight boost 0.2%, however it takes considerably more time.

Visual attention visualization.

In Figure 3.2 we visualize the visual attention maps that the VTP module produces. Note
that the lips region is tracked very accurately while the speakers turn their heads around,

even for extreme profile views.
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3.5 Discussion

Narrowing the gap between lip reading and ASR performance opens up opportunities for
useful applications, as noted in the introduction, but also raises privacy issues and the risk of
potential malign uses. One issue that is often raised is the potential for malign surveillance,
e.g. using CCTV footage from public spaces to eavesdrop on private civilian conversations.
However, this is in fact very low risk due to a number of factors: we achieve a low WER on
benchmarks containing video material that is professionally produced and at high resolutions
and frame-rates, with good lighting conditions. Moreover the speakers are aware of being
filmed and collaborate, most of the time speaking while frontally facing the camera. In contrast,
CCTYV usually operate at much lower resolution and frame rates and from unusual angles. As
shown in prior work [90, 256, 347], lip reading performance greatly deteriorates with lower
frame rate or input resolutions, or when non-frontal (e.g. profile or overhead viewpoints)

rather than frontal speaker views are considered.

We will be making the code and pre-trained models of this work public. This technology
is already available to a small handful of corporations that have access to enough data and
compute resources for training. We believe that open access is important in order to accelerate

progress in the field, as well as enable research on defences against potential adversarial attacks.

Overall, we believe that the benefits of the positive applications of lip reading that we have
discussed (e.g. medical) greatly outweight the risk of malevolent uses, the latter ones being
inflated, therefore transparent research into this field should be continued and encouraged

by the community.

3.6 Conclusion

We have presented an improved architecture for lip reading based on attention-based aggre-
gation of visual representations as well as several enhancements of the training protocol,
including temporal augmentations, the use of sub-word output tokenisation, and a more data-

efficient learning curriculum. Our best models train and converge faster than other baselines
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and achieve state-of-the-art results outperforming prior work trained on public data by a
significant margin, while also obtaining performance comparable to that of industrial models

trained on orders of magnitude more data.

Statement of authorship. A statement of authorship for this paper is provided in Appendix A.
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Abstract
The goal of this work is to train strong models for visual speech recognition without requiring
human annotated ground truth data. We achieve this by distilling from an Automatic Speech
Recognition (ASR) model that has been trained on a large-scale audio-only corpus. We
use a cross-modal distillation method that combines Connectionist Temporal Classification
(CTC) with a frame-wise cross-entropy loss. Our contributions are fourfold: (i) we show that
ground truth transcriptions are not necessary to train a lip reading system; (ii) we show how
arbitrary amounts of unlabelled video data can be leveraged to improve performance; (iii) we
demonstrate that distillation significantly speeds up training; and, (iv) we obtain state-of-the-art

results on the challenging LRS2 and LRS3 datasets for training only on publicly available data.

Published in IEEE International Conference on Acoustics, Speech and Signal Processing

(ICASSP), 2020, pp. 2143-2147.

4.1 Introduction

Visual speech recognition (VSR) has received increasing amounts of attention in recent years
due to the success of deep learning models trained on corpora of aligned text and face videos [26,

, 87]. In many machine learning applications, training on very large datasets has proven to
have huge benefits, and indeed [256, ] recently demonstrated significant performance im-
provements by training on very large-scale proprietary datasets. However, the largest publicly
available datasets for training and evaluating visual speech recognition, LRS2 and LRS3 [5, 86],

are orders of magnitude smaller than their audio-only counterparts used for training Automatic

66



4. ASR Is All You Need: Cross-modal Distillation For Lip Reading 67

Speech Recognition (ASR) models [34, 298]. This indicates that there are potential gains to

be made from a scalable method that could exploit vast amounts of unlabelled video data.

In this direction, we propose to train a VSR model by distilling from an ASR model with a
teacher-student approach. This opens up the opportunity to train VSR model on audio-visual
datasets that are an order of magnitude larger than LRS2 and LRS3, such as VoxCeleb2 [85]
and AVSpeech [120], but lack text annotations. More generally, the VSR model can be
trained from any available video of talking heads, e.g. from YouTube. Training by distillation
eliminates the need for professionally transcribed subtitles, and also removes the costly step of

forced-alignment between the subtitles and speech required to create VSR training data [87].

Our aim s to to pretrain on large unlabelled datasets in order to boost lip reading performance. In
the process we also discover that human-generated captions are actually not necessary to train a
good model. The approach we follow, as shown in Fig. 4.1, combines a distillation loss with con-
ventional Connectionist Temporal Classification (CTC) [159]. An alternative option to exploit
the extra data, would have been to train solely with CTC on the ASR transcriptions. However we

find that compared to that approach, distillation provides a significant acceleration to training.

Audio (x,)
@ D
Teacher .
= | AsRmodel || PCK) | —> Text,
Transcriptions
Unlabelled
sample

Figure 4.1: Cross-modal distillation of an ASR teacher into a student VSR model. CTC loss on the
ASR-generated transcripts is combined with minimizing the KL-divergence between the student and
teacher posterior distributions.
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4.1.1 Related Work

Supervised lip reading. There have been a number of recent works on lip reading using
datasets such as LRS2 [86] and LRS3 [5]. Works on word-level lip reading [£7] have proposed
CNN models and temporal fusion methods for word-level classification. [360] combines a
deeper residual network and an LSTM classifier to achieve the state-of-the-art on the same task.
Of more relevance to this work is open set character-level lip reading, for which recent work
can be divided into two groups. The first uses CTC where the model predicts frame-wise labels
and is trained to minimize the loss resulting from all possible input-output alignments under a
monotonicity constraint. LipNet [26] and more recently [256, 347] are based on this approach.
[256] in particular demonstrates state-of-the-art performance by training on proprietary data
that is orders of magnitude larger than any public dataset. The second group is sequence-to-
sequence models that predict the output sequence one token at a time in an autoregressive
manner, attending to different parts of the input sequence on every step. Some examples are
the sequence-to-sequence LSTM-with attention model used by [86] and the Transformer-
based model used by [4] or a convolutional variant by [435]. [2, ] take a hybrid approach
that combines the two ideas, namely using a CTC loss with attention-based models. Both

approaches can use external language models during inference to boost performance[204, 254]

Knowledge distillation (KD). Distilling knowledge between two neural networks has been
popularised by [185]. Supervision provided by the teacher is used to train the student on
potentially unlabelled data, usually from a larger network into a smaller network to reduce
model size. There are two popular ways of distilling information: training the student to
regress the teacher’s pre-softmax logits [28], and minimising the cross-entropy between

the probability outputs [185, ].

Sequence and CTC distillation. KD has also been studied in the context of sequence modeling.
For example it has been used to compress sequence-to-sequence models for neural machine
translation [210] and ASR [208]. Distillation of acoustic models trained with CTC has also

been investigated for distilling a BLSTM model into a uni-directional LSTM so that it can
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be used online [209], transferring a deep BLSTM model into a shallower one [ 109], and the

posterior fusion of multiple models to improve performance [229].

Cross-modal distillation. Our approach falls into a group of works that use networks trained
on one modality to transfer knowledge to another, in a teacher-student manner. There have
been many variations on this idea, such as using a visual recognition network (trained on
RGB images) as a teacher for student networks which take depth or optical flow [165], or
audio [27] as inputs. More specific examples include using the output of a pre-trained face
emotion classifier to train a student network that can recognize emotions in speech [12] or
visual recognition of human pose to train a network to recognize pose from radio signals [444].
The closest work to ours is Wei et al. [24 1] who apply cross-modal distillation from ASR for
learning audio-visual speech recognition. An interesting finding is that the student surpasses
the teacher’s performance, by exploiting the extra information available in the video modality.
However, their method is focused on improving ASR by incorporating visual information,
rather than learning to lip read from the video signal alone, and they train the teacher model
with ground truth supervision on the same dataset as the student one. Consequently, their

method does not apply naturally to unlabelled audio-visual data.

4.2 Datasets

A summary of audio-visual speech datasets found in the literature is given in Table 4.1. LRS2
and LRS3 are public audio-visual datasets that contain transcriptions but are relatively small.
LRS2 is from BBC programs and LRS3 from TED talks, and there is a domain gap between
them. Librispeech is large, transcribed, and diverse regarding the number of speakers, but
audio-only. On the other hand VoxCeleb2, which is similar in scale, is audio-visual but lacks
transcriptions. YT31k, LSVSR and MV-LRS contain aligned ground truth transcripts and have
been used to train state-of-the-art lip reading models [2, , ]. However, these datasets are
not publicly available which hinders reproduction and comparison. In this paper we focus on
using only publicly available datasets. We use our distillation method to pretrain on VoxCeleb2

and then fine-tune and evaluate the resulting model on LRS2 and LRS3.
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Table 4.1: Statistics of modern audio-visual datasets. Tran.: Indicates if the dataset is labelled,
i.e. includes aligned transcriptions; Mod.: Modalities included (A=audio-only, AV=audio + video).
VoxCeleb?2 (clean) refers to the subset of VoxCeleb2 we obtain after filtering according to Section 4.2.

Dataset # Utter. # Hours Mod. Tran. Public
YT31k [256] - 31k AV V/ X
LSVSR [347] 2.9M 38k AV V/ X
MV-LRS [87] 500k 775 AV V/ X
Librispeech [298] 292k 1k AV v
VoxCeleb2 [85] 1.1IM 23k AV X v
LRS2 (pre-train) [86] 96k 195 AV V v
LRS2 (main) [86] 47k 29 AV V/ v
LRS2 (test) [86] 1.2k 05 AV V v
LRS3 (pre-train) [5] 132k 44 AV / v
LRS3 (train-val) [5] 32k 30 AV V/ v
LRS3 (test) [5] 1.3k 1 AV V v
X v

VoxCeleb2 (clean) 140k 334 AV

To enable the use of an unlabelled speech dataset for training lip reading models for English, we
first filter out unsuitable videos. For example, in VoxCeleb2, the language spoken is not always
English, while the audio in many samples can be noisy and therefore hard for an ASR model
to comprehend. We first run the trained teacher ASR model (details in section 4.3) to obtain
transcriptions on all the unlabelled videos. We then use a simple proxy to select good samples:
for each utterance we calculate the percentage of words with 4 characters or more in the ASR

output that are valid english words and keep only the samples for which this is 90% or more.

As a second refinement stage, we obtain transcriptions from a separate ASR model. We use
a model similar to wave2letter [246] trained on Librispeech. We then compare the generated
transcriptions with the ones from the teacher model and only keep an utterance when the overlap
in terms of Word Error Rate is below 28%. For VoxCeleb2, the above process discards a large

part of the dataset, resulting in approximately 140k clean utterances out of the 1M in total.

4.3 Cross-modal distillation

As a teacher, we use the state-of-the-art Jasper 10x5 acoustic model [238] for ASR, a deep

1D-convolutional residual network. The student model for lip reading uses an architecture
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Table 4.2: Architecture of Jasper-lip 5x3. To modify the Jasper model for lip-reading, we replace the
first strided convolutional layer with a transposed convolution (stride=0.5).

#Blocks Block Kernel fjl(nl l:::;z Dropout lflirl?s
1 Convl 1 256 0.2 1
stride=0.5
1 B1 11 256 0.2 3
1 B2 13 384 0.2 3
1 B3 17 512 0.2 3
1 B4 21 640 0.3 3
1 B5 25 768 0.3 3
29
1 Conv2 dilation=2 896 0.4 1
1 Conv3 1 1024 0.4 1
1 Conv4 1 # graphemes + 1 0 1

similar to the teacher’s. More specifically, we adapt the Jasper acoustic model for lip reading as
shown in Table 4.2. The input to this network are visual features extracted from a spatio-

temporal residual CNN [360].
4.3.1 CTC loss on transcriptions

CTC provides a loss function that enables training networks on sequence to sequence tasks
without the need for explicit alignment of training targets to input frames. The CTC output token
set C” consists of an output grapheme alphabet C' augmented with a blank symbol ‘—’: ¢’ =
CU{—1}. The network consumes the input sequence and outputs a probability distribution p¢*c
over C' for each frame t. A CTC path w € C’ Tisa sequence of grapheme and blank labels with
the same length 7" as the input. Paths 7 can be mapped to possible output sequences with a many-
to-one function B: C"" — C=T that removes the blank labels and collapses repeated non-blank
labels. The probability of an output sequence y given input sequence x is obtained by marginal-
izing over all the paths that are mapped to y through B: p(y|z) =3 g1 [T—1 5 (7 (t) | z).
ctc

[159] computes and differentiates this sum w.r.t. the posteriors p;*¢ efficiently, enabling one

to train the network by minimizing the CTC loss over input-output sequence pairs x,y*:

Lore(xy)=—log(p(y*|r))
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4.3.2 Distillation loss

To distill the acoustic model into the target lip-reading model, we minimize the KL-divergence
between the teacher and student CTC posterior distributions or, equivalently, the frame

level cross-entropy loss:

Lgp(Ta,Ty)= —Z Z logpy (c|xa)py (c|zy)

teTeceC’

where p{ and p; denote the CTC posteriors for frame ¢ obtained from the teacher and student
model respectively. This type of distillation has been used by other authors when distilling
acoustic CTC models within the same modality (audio) and is referred to as frame-wise

KD [209, , 1.

4.3.3 Combined loss

As shown on Fig. 4.1, given the transcription of an utterance and corresponding teacher

posteriors, we combine the CTC and KD loss terms into a common objective:

L(z4,2,9") =AorcLore(w,y™) + Ak Lk D (TasTy)

where Ao and Ak p are balancing hyperparameters.

4.4 Experimental Setup

We train on the VoxCeleb2, LRS2 and LRS3 datasets and evaluate on LRS2 and LRS3 test

sets (Table 4.1). In this context, we investigate the following training scenarios:

Full supervision. We use annotated datasets only (LRS2, LRS3), and train with CTC loss

on the ground truth transcriptions, similarly to [4, 26]. This is the baseline method.

No supervision. We do not use any ground truth transcriptions and rely solely on the

transcriptions and posteriors of the ASR teacher model for the training signal.

Unsupervised pre-training and fine-tuning. We first pre-train the model using distillation
on unlabeled data. We then fine-tune the model on the transcribed target dataset (either LRS2

or LRS3) with full supervision. We perform two sets of experiments in this setting: (i) we
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use the ground truth annotations of all the samples in the dataset that we are fine-tuning on,
or (i1) we only use the ground truth of the “main” and “train-val” subsets of LRS2 and LRS3

respectively (see Table 4.1), which contain a small fraction of the total hours.

4.4.1 Implementation details

Our implementation is based on the Nvidia Seq2Seq framework [225]. As a teacher, we use
the 10x5 Jasper model trained on Librispeech. To extract visual features from videos we use
the publicly available visual frontend from [4], pre-trained on word-level lip reading. We train
the student model with the NovoGrad optimizer and the settings of [238] on 4 GPUs with
11GB memory and a batch size of 64 on each. We set A\cr¢c =0.1 and \i p = 10; these values
were empirically determined to give similar gradient norms for each term during training.
Decoding is performed with a 8192-width beam search that uses a 6-gram language model

trained on the Librispeech corpus text.
4.5 Experiments

We summarize our results in Table 4.3. The baseline method (CTC, GT) obtains 58.5% WER
on LRS2 and 68.8% on LRS3 when trained and evaluated on each dataset separately. In
the same setting, and without any ground truth transcriptions, our method achieves similar
performance on LRS2 (58.2%) and even better on LRS3 (65.6%). This result demonstrates
that human-annotated videos are not necessary in order to effectively train lip reading models.
Fine-tuning with limited ground truth transcriptions, as described in Section 4.4, reduces this
to 57.9% for LRS2 and 65.1% for LRS3. For training on LRS2 alone, these results outperform

the previous state-of-the art which was 63.5% by [305].

Using our method to train on the extra available data, but without any ground truth transcriptions,
we further reduce the WER to 54.2% and 61.7% for LRS2 and LRS3 respectively. If we
moreover fine-tune with a small amount of ground truth transcriptions, the WER drops to
52.2% (LRS2) and 61.0% (LRS3). Finally, training on each dataset with full supervision
after unsupervised pre-training, yields the best results, 51.3% for LRS2 and 59.8% for LRS3.

Comparing these numbers to the results we obtained when training on each dataset individually,
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Table 4.3: Word Error Rate % (WER, lower is better) evaluation. CTC: Model trained with CTC loss.
CTC + KD: Combined loss. GT denotes using all the ground truth transcriptions of the dataset, ASR
the transcriptions obtained from the teacher ASR model, and ASR/GT first pre-training with the ASR
transcriptions and then fine-tuning with a small fraction of the ground truth ones. Vox.: VoxCeleb2
(clean). TTrained on large non-public labelled datasets: YT31k [256], LSVSR [347], and MV-LRS [2]
(see Table 4.1). *Concurrent work.

Trained on Evaluated on
Method Vox. LRS2 LRS3 LRS2 LRS3
Hyb. CTC/Att. [305] X GT X 63.5 -
TM-seq2seq’ [2] X GT GT 483 589
CTC-V2PT [347] X X X - 551
RNN-TT [256] X X X - 336
Conv-seq2seq’ [435] X GT GT | 51.7 60.1
CTC X GT X 58.5 -
CTC+KD X ASR X 58.2 -
CTC+KD X ASR/GT X 57.9 -
CTC X X GT - 68.8
CTC +KD X X ASR - 65.6
CTC+KD X X ASR/GT - 65.1
CTC+KD ASR ASR ASR | 54.2 -
CTC +KD ASR ASR/GT ASR | 522 -
CTC +KD ASR GT ASR | 513 -
CTC +KD ASR X ASR - 617
CTC+KD ASR X  ASR/GT - 61.0
CTC+KD ASR X GT - 598

one concludes that using extra unlabelled audio-visual speech data is indeed an effective

way to boost performance.

Distillation significantly accelerates training, even compared to using ground truth tran-
scriptions. In Fig. 4.2 we indicatively compare the learning curves of the baseline model,
trained with CTC loss on ground truth transcriptions, and our proposed method, trained on
transcriptions and posteriors from the teacher model. Our intuition is that the acceleration is
due to the distillation providing explicit alignment information, contrary to CTC which

only provides an implicit signal.
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Figure 4.2: Progression of the greedy WER (validation) during training. Our method accelerates

training significantly compared to training with CTC alone.

4.6 Discussion and future work

In this paper we demonstrated an effective strategy to train strong models for visual speech
recognition by distilling knowledge from a pre-trained ASR model. This training method
does not require manually annotated data and is therefore suitable for pre-training on un-
labeled datasets. It can be optionally fine-tuned on a small amount of annotations and
achieves performance that exceeds all existing lip reading systems aside from those trained

using proprietary data.

In concurrent work, [435] also obtain state-of-the-art results on LRS2 and LRS3 that are
very close to ours. We note that their improvements come from changes in the architecture,
which should be orthogonal to our methodology; the two could be combined in future work

for even better results.

There are many languages for which annotated data for visual speech recognition is very

limited. Since our method is applicable to any video with a talking head, given access
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to a pretrained ASR model and unlabelled data for a new language, we could naturally

extend to lip reading that language.

Several authors [109, , R ] have reported difficulties distilling acoustic models
trained with CTC, stemming from the misalignment between the teacher and student spike
timings. From the solutions proposed in the literature we only experimented with sequence-
level KD [369] but did not observe any improvements. Investigating the extent of this problem

in the cross-modal distillation domain is left to future work.

The method we have proposed can be scaled to arbitrarily large amounts of data. Given resource
constraints we only utilized VoxCeleb2 and trained a relatively small network. In future work
we plan to scale up in terms of both dataset and model size to develop models that can match

and surpass the ones trained on very large-scale annotated datasets.

Statement of authorship

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

The goal of this work is to train models that can identify a spoken language just by interpreting
the speaker’s lip movements. Our contributions are the following: (i) we show that models can
learn to discriminate among 14 different languages using only visual speech information; (ii)
we compare different designs in sequence modelling and utterance-level aggregation in order
to determine the best architecture for this task; (iii) we investigate the factors that contribute
discriminative cues and show that our model indeed solves the problem by finding temporal
patterns in mouth movements and not by exploiting spurious correlations. We demonstrate this

further by evaluating our models on challenging examples from bilingual speakers.

Published in the proceedings of INTERSPEECH, 2020, pp. 2402-2406.

5.1 Introduction

Language identification from audio is a relatively easy task for humans. Indeed we can
distinguish between languages that we do not speak or understand [233]. Moreover, automatic
language identification (LID) from audio speech, is a well studied problem [57, , ,

], and determining the spoken language is often a first step for multilingual speech

recognition [156, ].

But is it possible to infer the language spoken by only looking at the speaker’s lip movements,
without the audio? There is evidence that humans can infer the spoken language by observing

, 283]

have shown that, under controlled visual conditions, visual language identification can

the lip movements of the speaker [325, , ]. Moreover, Newman and Cox [

also be automated.

77



5. Now You’re Speaking My Language: Visual Language IDentification 78

Our objective in this paper is visual language identification ‘in the wild’ — speaker independent,
and text (content) independent identification. To this end, we train and evaluate visual language
identification (VLID) models on a large multilingual audio-visual speech dataset, composed of
public datasets of TEDx talks. We show that VLID can be accomplished under more general
conditions, with good accuracy and for a large number of languages. To ensure that the models
are indeed distinguishing between languages by finding patterns in the mouth movement, and
not instead using other factors (e.g. inferring ethnicity from appearance cues) or spurious
correlations, we compare with a face recognition baseline and also evaluate the models on

a dataset from a different domain, VoxCeleb2 [85].

VLID opens up a host of interesting applications such as automatically recognising the
language in silent films, automatically detecting dubbing in films, or recognising the spoken
language from a distance. Most importantly, from a practical perspective, it can be used
to pre-condition lip reading models, which are highly dependent on context, and to make
audio-based language identification more robust in noisy environments. Please see our website

http://www.robots.ox.ac.uk/~vgg/research/v1id for video examples.

5.1.1 Related Work

Audio language identification. Research in audio language identification has a long history,
and the performance given reasonably long speech segments is very high. The architectures,
aggregation methods and loss functions used in the LID task are similar to those in speaker
recognition. For example, Geng et al. [150] investigate the use of RNNs for temporal
aggregation in language identification. Cai et al. [49] explore the encoder and loss function
for LID and propose some efficient temporal aggregation strategies, while Chen et al. [71] use
NetVLAD [19] for temporal aggregation. In more recent work [50] use a 2D CNN as feature
extractor with a BLSTM backend for temporal modelling and a self-attentive pooling layer
for utterance level aggregation. The experiments show that decision-level fusion of different
architectures yields the best results. Miao et al. [263] propose the use of a CNN-LSTM-TDNN
encoder in combination with attention mechanisms in both time and frequency. Padi etal. [297]

use a BLSTM-based attention model, obtaining state-of-the-art results on the NRE17 dataset.


http://www.robots.ox.ac.uk/~vgg/research/vlid
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Table 5.1: Statistics of audio-visual datasets used for training and evaluating our VLID models and
baselines. # videos: Number of original YouTube videos. # hours: Total number of hours # clips:.
Number of clips (each video is separated into multiple clips). For each statistic, we shown the minimum
per language in parenthesis.

dataset # hours # videos # clips

LRS3-Lang+ (dev) 1,707 (38) 19,300(342) 683k
LRS3-Lang+ (test)  166(0.9) 1,816 (30) 59k

VoxCeleb2-Lang 9(0.8) 1,595 (9%) 8.8k
VoxCeleb2-Biling  20.7 (0.7) 921 (26) 15k

Wan et al. [390] and Mazzawi et al. [259] also investigate LSTM based architectures for this
dataset. Titus et al. [378] explore the effect of accent in language identification performance

and train models robust to accented speech.

Visual language identification. The ability of humans to recognize languages by observing the
lip movements of the speaker has been researched in psycholinguistics. Soto et al. [356] first
report that facial speech information alone is sufficient for language identification. Weikum et
al. [403] study visual speech identification in infants, while Ronquest et al. [325] investigate if

humans are able to distinguish between English and Spanish based on visual speech.

However, there is limited research in using the visual modality to automatically identify the
spoken language. Previous works by Newman and Cox [282, 283] are of closest relevance to
ours: they introduce visual language identification as a classification problem, and show that lan-
guages can be classified by using only lip motion. However, the videos used are constrained to
studio conditions, with a small number of subjects reading a set text, and their method does not
use deep learning methods. Alsorelatedis [65] thatidentifies language in music videos by using
both audio and video cues, while [359] used facial landmarks to classify between two languages,

English and French. Brahme et al. [44] use constrained local models to the solve same task.

Lip reading. The methods used in visual language identification are closely related to those
used for lip reading. There has been significant progress in the recent years, mainly due to the
advances in deep learning and the creation of large scale datasets. While earlier work in the field

used neural networks to predict phonemes [285] or words [87, ], it has been proven more
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recently that automatic lip reading can be generalised to continuous speech in unconstrained
domains [4, 86, , , ]. Recent works have shown that lip reading models trained on
very large datasets can achieve word error rates as low as 33% on a real-world dataset, far

exceeding the performance of professional lip readers [256].

5.2 Datasets

For training and evaluation, we use the LRS3-Lang [¢] and LRS3 [5] datasets, as well as
VoxCeleb2 [85] as a second multilingual test set. We show aggregate statistics of all

datasets used in Table 5.1.

5.2.1 LRS3-Lang+

LRS3-Lang [8] is a multilingual audio-visual dataset based on videos collected from TEDx
talks. The dataset covers 13 different (non-English) languages with a total of over 1,300 hours
of video. For English we use the “pretrain” set of LRS3 [5], where the videos come from the
same domain (TED(x) talks) and the exact same process has been followed to collect the data.
The test set of LRS 3 is small and contains short segments of no more than 6 seconds long.
Therefore we re-split the “pretrain” set into a development and test set containing disjoint
speakers. We incorporate this new split into LRS3-Lang as the English part to create a
composite multilingual dataset of 14 languages, which we call LRS3-Lang+. The relative

distribution of languages in our composite dataset are shown in Figure 5.1.

5.2.2 VoxCeleb2

VoxCeleb2 is an audio-visual speech dataset which consists of 5,994 speakers with a total
of 1,092,009 clips in the development set, and 118 speakers with 36,237 clips in the test set.
To assess the cross-domain generalization capabilities of the models and baselines (trained on
LRS3-Lang+), we create two subsets from the development set of VoxCeleb2, which

Wwe use as test sets.
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Figure 5.1: Language distribution of the LRS3-Lang+ dataset in number of hours.

VoxCeleb2-Lang. VoxCeleb?2 contains no language labels, however the identity of the
speakers and their nationality are known. We therefore obtain language labels from two
sources. The first is training an audio-only model on LRS3-Lang+ (details in Section 5.3)
and using it to classify the audio of the speakers in VoxCe 1eb2. The second source is using the
nationality of the speakers: each language is assigned a list of nationalities —i.e. countries where
the language is predominantly spoken. For example, English is associated with American,
British, Australian, and Scottish nationalities; Spanish is associated with Spanish, Mexican,
and Argentinean nationalities etc. For every speaker, we then use their nationality to list a set
of possible languages. This narrows down the search space for each language considerably.
The final language pseudo-labels are obtained by exploiting the redundancy between these two
sources: For a given video, we only assign a language label when the audio-only model predicts
one of the languages associated with the nationality of the speaker with a probability higher than

astrict threshold (90%). This process gives us very accurate pseudo-labels, however leaves very
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few samples (less than 0.5 hour in total) for Japanese, Arabic and Greek. We therefore exclude
these languages during evaluation on this dataset. The above procedure results in 11 languages,

each containing material from at least 98 original YouTube videos each (see Table 5.1).

VoxCeleb2-Biling. To assess our models on bilingual speakers, we isolate individual speakers
inVoxCeleb2-Lang who, across multiple videos, appear to be speaking both in English and
in a non-English language with a high confidence, as determined by the audio model prediction.
This is common due to the Celebrity content of the VoxCe1eb2 dataset (international actors,
football players, politicians etc). We then create pairs of mother-tongue and English clips for

those speakers. We refer to the resulting split as VoxCeleb2-Biling.

5.3 Architecture

We implement two types of models: an audio baseline, using audio features for LID, and

our lip models using video features for VLID.

5.3.1 Input representation

Audio features. The input to the audio LID network is 80-dimensional log-mel spectrograms,

extracted at every 10ms with 25ms frame length.

Video features. We extract embeddings modelling the lip movement with a spatio-temporal
(3D/2D) ResNet18 network [ 175, ] pretrained on word-level lip reading in English [4].
The model ingests a sequence of video frames (converted to grayscale) and outputs 512-

dimensional visual features densely, one for every input frame.

5.3.2 Sequence modeling

We consider variations of Time-Delay Neural Networks (TDNN) and BLSTM [187, ]

encoders for the back-end. Those models ingest the visual features and convert them to repre-
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sentations more discriminative for the language recognition task, whilst potentially modelling

longer term temporal dependencies. We experiment with 3 different encoder architectures.

TDNN model. This is a 10-layer residual temporal (1D) convolutional network. We use depth-
wise separable convolutions [79] which we find to train faster and overfit less. The kernel

width is set to 5, the number of channels to 512, and the temporal stride to 1 for all the layers.

TDNN + BLSTM. This model uses a TDNN as described above, followed by a bi-directional
LSTM (BLSTM) with a cell dimension of 512.

3XxBLSTM. This model, inspired by [259], uses a stack of 3 BLSTMs with cell size 512.

Utterance level aggregation. In line with the common practices in the audio LID literature,

we also experiment with 3 different utterance-level aggregation techniques.

Temporal average pooling (TAP). The TAP layer simply takes the mean of the features

along the time domain.

Self-attentive pooling (SAP). Unlike the TAP layer that equally pools the features over time,
[49] introduces a self-attentive pooling layer that pays attention to the frames that are more

informative for utterance-level speaker recognition.

NetVLAD. We also consider NetVLAD[ 1 9], which has been successfully used for temporally
aggregating features in speech models for LID [7 1] and speaker verification [4 1 1]. NetVLAD
mimics the BoW-derived VLAD[ 1 02] descriptor by learning a feature vocabulary from the
input representations, then soft-quantising them over this dictionary and finally aggregating

the results (in our case temporally).

5.3.3 Face recognition ablation

In order to assess to what extent our models learn to distinguish between spoken languages and
are not using other appearance cues that are strongly correlated (e.g. ethnicity), we also consider

the following baseline: We take a ResNet50 convolutional network [ 1 75] pretrained for face
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Table 5.2: Language Identification performance on the test set of LRS3-Lang+ and the
VoxCeleb2-Lang split. The average class accuracy is reported everywhere (higher is better). For all
lip-reading models, a 3D/2D ResNet18 frontend is implied, and only the sequence-processing backend
is varied and listed for comparison. Mod.: Input modality; A: Audio; L: Lips; F: Face. Agg.: Temporal
aggregation strategy; NV.: NetVLAD. For LRS3-Lang+ we report the average over all 14 languages
(chance = 7%), while for VoxCeleb2-Lang, the average over 11 languages (excluding Japanese,
Korean and Greek, chance = 9%). As the audio model is used to generate the pseudo-labels for the
VoxCeleb2-Lang dataset, we don’t report its accuracy on this test set.

LRS3-Lang+ VoxCeleb2
Model Mod. Agg.. 5s 10s 30s . Ss  10s

TDNN+BLSTM A TAP,95.6 96.6 97.3, - -

AP 166.0 67.0 67.5,16.3 20.6

ResNet50 F

ResNet50frozen F AP ,39.9 40.8 41.2,24.5 27.4
TDNN L TAP!67.2 763 81.8!56.0 64.8
TDNN L SAP!664 742 76.8!529 62.0
TDNN L NV 663 74.0 75.8,46.4 59.8
TDNN+BLSTM L TAP 640 755 79.1:52.4 61.5
TDNN+BLSTM L SAP 654 752 79.2/52.1 61.1
3xBLSTM L TAP,64.8 75.5 82.0,59.5 67.4
3xBLSTM L SAP,64.5 76.0 84.0,58.5 66.7

recognition on the VGGFace? dataset [58] and fine-tune it on the on the VLID task. We consider
2 versions: (i) the model is trained end-to-end; (ii) the model is frozen at the penultimate

residual block, i.e. only the last residual block and classification layers are fine-tuned.

5.4 Experimental Setting

Training. All models are trained only on LRS3-Lang+. We train the LID and VLID models
by randomly sampling a segment of 7" contiguous frames from a given training clip. To
accelerate training for all models we use a curriculum, first setting 7'= 64 and then increasing
it to 128 and 256 frames (2.5s, 5s and 10s). During training the batches are balanced for
languages. For languages with more samples available, the same frames are seen less often.
To run inference with the RNN-based models on sequences longer than 256 frames (max

seen during training), we split the sequence into 128 frame segments with 50% overlap and
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Figure 5.2: Confusion matrix for predictions of 3 x BLSTM-SAP model on the test set of LRS3-Lang+
(10 seconds experiment).

then average the predictions [390].

The face recognition baselines are trained by feeding one random frame from a clip at a time,
with a batch of 32. For a fair comparison with our models, during inference we feed the face
recognition models with all the frames of each test clip (e.g. 125 frames for the 5 seconds ones).

The prediction is then obtained by averaging the model logits for all the frames.

Evaluation protocol. We evaluate on sequences of 5, 10 and 30 seconds long. As continuous
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Figure 5.3: Visual language identification accuracy on bilingual test set (VoxCeleb2-Biling).
The model is tasked with discriminating between each language and English. Utterances of length
5 seconds are used. Chance accuracy is 50%.

Figure 5.4: Challenging examples from VoxCeleb2-Biling for which our VLID model correctly
predicts the spoken language (indicated by the flag). Modelling of the lip movements is essential to
solve this task.

clips of 30 seconds are very scarce in the datasets, we synthesize those by merging smaller
clips from the same video together. For all experiments, the metric that we report is the average
class language identification accuracy. We evaluate our models and baselines on the test set

of LRS3-Lang+, on VoxCeleb2-Lang, and on VoxCeleb2-Biling.
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5.5 Results

We summarize the results of our experiments on LRS3-Lang+ and VoxCeleb2-Lang

in Table 5.2.

As expected, the audio LID model achieves a very high accuracy. The visual VLID models
also perform well. In both cases the model’s performance improves as more temporal input
is available. Indeed, when the visual models are supplied with 30 seconds of input the

accuracy rises as high as 84%.

In terms of architectures, all options that we examine perform reasonably. The simplest of the
models, TDNN performs best on LRS3-Lang+, except for the 30s case where the 3 x BLSTM
model achieves marginally better results. When evaluating the models on the different domain
of VoxCeleb2-Lang, the advantage of using the 3x BLSTM is more apparent. Adding a
BLSTM layer on top of the TDNN model impairs performance. In terms of utterance-level
aggregation, neither SAP or NetVLAD clearly outperform simple temporal pooling. We

conjecture that these results are due to overfitting in the more complicated models.

We show the confusion matrix for the predictions of the 3x BLSTM-SAP model in Figure 5.2.
We note that the languages that are most commonly confused have phonetic similarities (e.g.

German-English, Greek-Spanish, Korean-Japanese, Russian-Polish).

We next turn to the question of whether the visual model is indeed modelling the temporal
mouth patterns to recognize the language or is just relying on appearance cues, such as face
shape or skin tone. It is worth noting that (i) the visual features only use monochrome (not
RGB) inputs, and (ii) they are trained on a word-level lip reading task on videos from British
television and then frozen. This limits the extent of the information that they can access from
the raw frames. In contrast, the baselines have a varying degree of access to the raw frames
—and it can be seen that they can exploit this in solving the task. Examining the performance
of the ResNet50-based face models, we notice that the model trained end-to-end obtains
good results on LRS3-Lang+. However, when evaluated on VoxCeleb2-Lang the same

model performs very poorly. On the other hand, the evaluations of the model based on the
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frozen ResNet50, pretrained on face recognition, shows relatively worse performance on
LRS3-Lang+, but its generalization on VoxCeleb2-Lang is better. The above suggest
that the end-to-end model finds some shortcut which leads it to greatly overfitting the dataset.
We conjecture that this might be due to background landmarks or camera artefacts correlated

with the location of shooting of the TEDx events.

VoxCeleb2-Lang. We note that there is a significant domain shift between LRS3-Lang+,
where the models have been trained, and VoxCeleb2 as well as that the speaker identities
between the two datasets are disjoint. As can be seen, the VLID models exhibit strong
performance despite this domain shift. The face baselines, in contrast and as discussed above,
drop in performance to near chance level. This demonstrates again that the VLID models are
indeed using the mouth shape (visemes) and temporal changes for LID, and not employing

shortcuts from the face and raw frames.

Bilingual speakers. On figure 5.3 we show results on bilingual speakers from VoxCeleb?2.
As expected, the accuracy of the face baseline fluctuates around the random performance
(50%), as inferring the spoken language given the same face is very hard without any lip
movement modelling. Our model significantly outperforms the baseline, reaching 80%

accuracy for Spanish.

We show some qualitative examples of clips of bilingual speakers that our model predicts

correctly in Figure 5.4. Please refer to our website for video examples.

5.6 Conclusion

We can give a qualified answer to the question posed in the introduction: “Yes, it is possible
to infer the spoken language only by observing the speaker’s lips, and to a remarkably good
accuracy”. Our experiments have shown that using lip movements for this task exceeds
using appearance cues captured by face embeddings. Finally, by performing analysis on
bilingual speakers we demonstrated that our trained models can even distinguish between

different languages spoken by the same person.
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In future work we plan to investigate which lip movements provide the most discriminative cues,
as well as explore the visual similarities and differences between languages —e.g. determine if

certain viseme combinations are more prominent for some groups of languages than in others.

Statement of authorship

A statement of authorship for this paper is provided in Appendix A.
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Abstract
Our goal is to isolate individual speakers from multi-talker simultaneous speech in videos.
Existing works in this area have focussed on trying to separate utterances from known speakers
in controlled environments. In this paper, we propose a deep audio-visual speech enhancement
network that is able to separate a speaker’s voice given lip regions in the corresponding
video, by predicting both the magnitude and the phase of the target signal. The method is
applicable to speakers unheard and unseen during training, and for unconstrained environments.
We demonstrate strong quantitative and qualitative results, isolating extremely challenging

real-world examples.

Published in the proceedings of INTERSPEECH, 2020, pp. 2402-2406.

6.1 Introduction

In the film The Conversation (dir. Francis Ford Coppola, 1974), the protagonist, played by
Gene Hackman, goes to inordinate lengths to record a couple’s converservation in a crowded
city square. Despite many ingenious placements of microphones, he did not use the lip motion
of the speakers to suppress speech from others nearby. In this paper we propose a new model

for this task of audio-visual speech enhancement, that he could have used.

More generally, we propose an audio-visual neural network that can isolate a speaker’s voice
from others, using visual information from the target speaker’s lips: Given a noisy audio signal
and the corresponding speaker video, we produce an enhanced audio signal containing only

the target speaker’s voice with the rest of the speakers and background noise suppressed.

91



6. The Conversation: Deep Audio-Visual Speech Enhancement 92

Rather than synthesising the voice from scratch, which would be a challenging task, we instead
predict a mask that filters the noisy spectrogram of the input. Many speech enhancement
approaches focus on refining only the magnitude of the noisy input signal and use the noisy
phase for the signal reconstruction. This works well for high signal-to-noise-ratio scenarios,
but as the SNR decreases, the noisy phase becomes a bad approximation of the ground truth
one [132]. Instead, we propose correction modules for both the magnitude and phase. The
architecture is summarised in Figure 6.1. In training, we initialize the visual stream with a
network pre-trained on a word-level lip-reading task, but after this, we train from unlabelled data

(Section 6.3.1) where no explicit annotation is required at the word, character or phoneme-level.

There are many possible applications of this model; one of them is automatic speeech recog-
nition (ASR) — while machines can recognise speech relatively well in noiseless environments,
there is a significant deterioration in performance for recognition in noisy environments [ | 8].

The enhancement method we propose could address this problem, and improve, for example,

Noisy Audio
—— STFT Phase
Ph > Y
ase
subnetwork +
Video
o | ISTFT
- i .
> Magnitude Clean Audio
subnetwork

Figure 6.1: Audio-visual enhancement architecture overview. It consists of two modules: a magnitude
sub-network and a phase sub-network. The first sub-network receives the magnitude spectrograms
of the noisy signal and the speaker video as inputs and outputs a soft mask. We then multiply the input
magnitudes element-wise with the mask to produce a filtered magnitude spectrogram. The magnitude
prediction, along with the phase spectrogram obtained from the noisy signal are then fed into the second
sub-network, which produces a phase residual. The residual is added to the noisy phase, producing
the enhanced phase spectrograms. Finally the enhanced magnitude and phase spectra are transformed
back to the time domain, yielding the enhanced signal.
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ASR for mobile phones in a crowded environment, or automatic captioning for YouTube videos.

The performance of the model is evaluated for up to five simultaneous voices, and we
demonstrate both strong qualitative and quantitative performance. The trained model is
evaluated on unconstrained ’in the wild’ environments, and for speakers and languages unseen
at training time. To the best of our knowledge, we are the first to achieve enhancement under
such general conditions. We provide supplementary material with interactive demonstrations

onhttp://www.robots.ox.ac.uk/~vgg/demo/theconversation.

6.1.1 Related works

Various works have proposed methods to isolate multi-talker simultaneous speech. The major-
ity of these are based on methods that only use the audio, e.g. by using voice characteristics of
a known speaker [ 199, , , , ]. Compared to audio-only methods, we not only sep-

arate the voices but also properly assign them to the speakers, by using the visual information.

Speech enhancement methods have traditionally only dealt with filtering the spectral magni-
tudes, however many approaches have been recently been proposed for jointly enhancing the
magnitude and phase spectra [1 12, , , , , , ]. The prevalent method for
estimating phase spectra from given magnitudes in speech synthesis is the one proposed

by Griffin and Lim [161].

Prior to deep learning, a large number of previous works have been developed for audio-visual
speech enhancement by predicting masks [205, ] or otherwise [ 15, , , , , ,
], with an overview of audio-visual source separation is provided in [32 1 ]. However, we will

concentrate from hereon on methods that have built on these using a deep learning framework.

In [119] a deep neural network is developed to generate speech from silent video frames of
a speaking person. This model is used in [ | 33] for speech enhancement, where the predicted
spectrogram serves as a mask to filter the noisy speech. However, the noisy audio signal is
not used in the pipeline, and the network is not trained for the task of speech enhancement. In
contrast, [ 1 34] synthesizes the clean signal conditioning on both the mixed speech input and

the input video. [ 188] also use a similar audio-visual fusion method, trained to both generate
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the clean signal and to reconstruct the video. Both papers use the phase of the noisy input
signal as an approximation for the clean phase. However, these methods are limited in that
they are only demonstrated under constrained conditions (e.g. the utterances consist of a fixed

set of phrases in [ 1 88] ), or for a small number of speakers that have been seen during training.

Our method differs from these works in several ways: (i) we do not treat the spectrograms as
images but as temporal signals with the frequency bins as channels; this allows us to build a
deeper network with a large number of parameters that trains fast; (i1) we generate a soft mask
for filtering instead of directly predicting the clean magnitudes, which we found to be more
effective; (iii) we include a phase enhancing sub-network; and, finally, (iv) we demonstrate

on previously unheard (and unseen) speakers and on in-the-wild videos.

In concurrent and independent work, [ 1 20] develop a similar system, based on dilated convo-
lutions and a bidirectional LSTM, demonstrating good results in unconstrained environments,
while [293] train a network for audio-visual synchronisation and successfully use its features

for speech separation.

The enhancement method proposed here is complementary to lip reading [26, 87, 360], which

has also been shown to improve ASR performance in noisy environments [86, 304].

6.2 Architecture

This section describes the input representations and architectures for the audio-visual speech
enhancement network. The network ingests continuous clips of the audio-visual data. The

model architecture is given in detail in Figure 6.2.

6.2.1 Video representation

Visual features are extracted from the input image frame sequence with a spatio-temporal
residual network similar to the one proposed by [360], pre-trained on a word-level lip reading
task. The network consists of a 3D convolution layer, followed by a 18-layer ResNet [175]. For

every video frame the network outputs a compact 512 dimensional feature vector f§ (where
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the subscript 0 refers to the layer number in the audio-visual network). Since we train and
evaluate on datasets with pre-cropped faces, we do not perform any extra pre-processing,

besides conversion to grayscale and an appropriate scaling.

6.2.2 Audio representation

The acoustic representation is extracted from the raw audio waveforms using Short Time
Fourier Transform (STFT) with a Hann window function, which generates magnitude and phase
spectrograms. STFT parameters are computed in a similar manner to [ | 34], so that every video
frame of the input sequence corresponds to four temporal slices of the resulting spectrogram.
Since the videos are at 25fps (40ms per frame), we select a hop length of 10ms with a window

length of 40ms at a sample rate of 16Khz. The resulting spectrograms have frequency resolution

T
hop

=321, representing frequencies from 0 to 8 kHz, and time resolution 7'~ =, where 7 is
the duration of the signal in seconds. The magnitude and phase spectrograms are represented as
T'x 321 and T" x 642 tensors respectively, with the real and imaginary components concatenated
along the frequency axis for the latter. We convert the magnitudes to mel-scale spectrograms,

with 80 frequency bins before feeding them to the magnitude subnetwork, however we conduct

the filtering on the original, linear-scale spectrograms.

6.2.3 Magnitude sub-network

The visual feature sequence f; is processed by a residual network of 10 convolutional blocks.
Every block consists of a temporal convolution with kernel width 5 and stride 1, preceded
by ReLU activation and batch normalization. A shortcut connection adds the block’s input
to the result of the convolution. A similar stack of 5 convolutional blocks is employed for
processing the audio stream. The convolutions are performed along the temporal dimension,
with the frequencies of the noisy input spectrogram M, viewed as the channels. Two of the
intermediate blocks perform convolutions with stride 2, overall down-sampling the temporal
dimension by 4, in order to bring it down to the video stream resolution. The skip connections
of those layers are down-sampled by average pooling with stride 2. The audio and visual

streams are then concatenated over the channel dimension: f§” =|f{;;f¢]. The fused tensor
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Figure 6.2: Audio-visual enhancement network. BN: Batch Normalization, C: number of channels;
K: kernel width; S: strides — fractional ones denote transposed convolutions. The network consists of
a magnitude and a phase sub-network. The basic building unit is the temporal convolutional block with
pre-activation [ 1 76] shown on the left. Identity skip connections are added after every convolution layer
(and speed up training). All convolutional layers have 1536 channels in the magnitude sub-network and
1024 in the phase subnetwork. Depth-wise separable convolution layers [79] are used, which consist
of a separate convolution along the time dimension for every channel, followed by a position-wise
projection onto the new channel dimensions (equivalent to a convolution with kernel width 1).

Speaker Video

is passed through another stack of 15 temporal convolution blocks. Since we want the output
mask to have the same temporal resolution as the input magnitude spectrogram, we include two
transposed convolutions, each up-sampling the temporal dimension by a factor of 2, resulting
in a factor of 4 in total. The fusion output is projected through position-wise convolutions
onto the original magnitude spectrogram dimensions and passed through sigmoid activation
in order to output a mask with values between 0 and 1. The resulting tensor is multiplied with

the noisy magnitude spectrogram element-wise to produce the enhanced magnitudes:

M=o(WZEfwyoM,

6.2.4 Phase sub-network

Our intuition for the design of the phase enhancement sub-network is that there is structure
in speech that induces a correlation between the magnitude and phase spectrograms. As with

the magnitudes, instead of trying to predict the clean phase from scratch, we only predict a
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residual that refines the noisy phase. The phase sub-network is therefore conditioned on both
the noisy phase and the magnitude predictions. These two inputs are fused together through
linear projection and concatenation and then processed by a stack of 6 temporal convolution
blocks, with 1024 channels each. The phase residual is formed by projecting the result onto
the dimensions of the phase spectrogram and is added to the noisy phase. The clean phase

prediction is finally obtained by L,-normalizing the result:

6= C’oanlock:(...C’oanlock([quﬁM;W%@n]))

X6

d=
|’(Wg¢6+®n)‘|2

In training, the weights of the layers are initialized with small values and zero biases, so that

the initial residuals are nearly zero and the noisy phase is propagated to the output.

6.2.5 Loss function

The magnitude subnetwork is trained by minimizing the L; loss between the predicted
magnitude spectrogram and the ground truth. The phase subnetwork is trained by maximizing
the cosine similarity between the phase prediction and ground truth, scaled by the ground

truth magnitudes. The overall optimisation objective is:

~ 1 ~
L=||M =My = N o S M < By, 7 > (6.1)
TF%

6.3 Experiments
6.3.1 Datasets

The model is trained on two datasets: the first is the BBC-Oxford Lip Reading Sentences 2
(LRS2) dataset [86, 90], which contains thousands of sentences from BBC programs such
as Doctors and EastEnders; the second is VoxCeleb2 [82], which contains over a million

utterances spoken by over 6,000 different speakers.
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SIR (dB) SDR (dB) PESQ WER (%)
Mag(b#sl’k'2345234523452345
Mix Mix — —  —  — 03 34 54 -67 173 147 1.37 121 93.1 99.5 99.9 100
Pr GT 108 132 13.8 13.7 157 13.0 10.8 9.5 341 3.05 293 2.80 9.4 120 16.7 21.5
Pr GL 09 25 36 40 -29 2.8 -29 27 298 271 252 235 105 13.7 20.3 27.8
Pr  Mix 16 27 25 20 105 7.8 59 48 3.02 270 2.49 233 108 149 22.0 319
Pr Pr 39 54 54 48 118 91 7.1 58 3.08 279 256 243 9.7 13.8 203 289

Table 6.1: Evaluation of speech enhancement performance on the LRS2 dataset, for scenarios with
different number of speakers (denoted by # Spk). The magnitude (Mag) and phase (®) columns specify
if the spectrograms used for the reconstructions are predicted or are obtained directly from the mixed or
ground truth signal: Mix: Mixed; Pr: Predicted; GT: Ground Truth; GL: Griffin-Lim; SIR: Signal to
Interference Ratio; SDR: Signal to Distortion Ratio; PESQ: Perceptual Evaluation of Speech Quality,
varies between 0 and 4.5; (higher is better for all three); WER: Word Error Rate from off-the-shelf
ASR system (lower is better). The WER on the ground truth signal is 8.8%.

The LRS2 dataset is divided into training and test sets by broadcast date, in order to ensure
that there is no overlapping video between the sets. The dataset covers a large number of
speakers, which encourages the trained model to be speaker agnostic. However, since no
identity labels are provided with the dataset, there may be some overlapping speakers between
the sets. The ground truth transcriptions are provided with the dataset, which allows us to

perform quantitative tests on the intelligibility of the generated audio.

The VoxCeleb2 dataset lacks the text transcriptions, however the dataset is divided into
training and test sets by identity, which allows us to test the model explicitly for speaker-

independent performance.

The audio and video on these datasets are properly synchronized. Evaluation on videos where
this is not the case (e.g. TV broadcast), is possible by preprocessing with the pipeline described

in [88] to detect and track active speakers and synchronize the video and the audio.

6.3.2 Experimental setup

We examine scenarios where we add 1 to 4 extra interference speakers on the clean signal,
therefore we generate signals with 2 to 5 speakers in total. It should be noted that the task of
separating the voice of multiple speakers with equal average “loudness” is more challenging

than separating the speech signal from background babble noise.
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6.3.3 Evaluation protocol

We evaluate the enhancement performance of the model in terms of perceptual speech quality
using the blind source separation criteria described in [128] (we use the implementation
provided by [118]). The Signal to Interference Ratio (SIR) measures how well the unwanted
signals have been suppressed, the Signal to Artefacts Ratio (SAR) accounts for the introduction
of artefacts by the enhancement process, and the Signal to Distortion Ratio (SDR) is an
overall quality measure, taking both into account. We also report results on PESQ [322],
which measures the overall perceptual quality and STOI [368], which is correlated with the
intelligibility of the signal. From the metrics presented above, PESQ has been shown to be

the one correlating best with listening tests that account for phase distortion[274].

Additionally, we use an ASR system to test for the intelligibility of the enhanced speech.
For this, we use the Google Speech Recognition interface, and report the Word Error Rates

(WER) on the clean, mixed and generated audio samples.

6.3.4 Training

We pre-train the spatio-temporal visual front-end on a word-level lip reading task, follow-
ing [360]. This proceeds in two stages: first, training on the LRW dataset [87], which covers
near-frontal poses; and then on an internal multi-view dataset of a similar size. To accelerate
the subsequent training process, we freeze the front-end, pre-compute and save the visual
features for all the videos, and also compute and save the magnitude and phase spectrograms

for both the clean and noise audio.

Training takes place in three phases: first, the magnitude prediction sub-network is trained,
following a curriculum which starts with high SNR inputs (i.e. only one additional speaker)
and then progressively moves to more challenging examples with a greater number of speakers;
second, the magnitude sub-network is frozen, and only the phase network is trained ; finally,
the whole network is fine-tuned end-to-end. We did not experiment with the hyperparameter

balancing the magnitude and phase loss terms, but set it to A = 1.
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To generate training examples we first select a reference pair of visual and audio features
(v, a,) by randomly sampling a 60-frame clean segment, making sure that the audio and
visual features correspond and are correctly aligned. We then sample /N noise spectrograms
Zn,n € [1,N], and mix them with the reference spectrogram in the frequency domain by
summing up the complex spectra, obtaining the mixed spectrogram a,,,. This is a natural
way to augment our training data since a different combination of noisy audio signals is

sampled every time. Before adding in the noise samples, we normalize their energy to have

rms(zy) a
n rms(an) ™

the reference signal’s one: a,, = a, + >

6.3.5 Results

LRS2. We summarize our results on the test set of the LRS2 dataset in Table 6.1. The
performance under the different metrics is listed for the following signal types: The mixed
signal which serves as a baseline, and the reconstructions that are obtained using the magnitudes
predicted by our network and either the ground truth phase, the phase approximated with the
Griffin Lim algorithm, the mixed signal phase or the predicted phase. The signal reconstructed

from predicted magnitudes and phases is what we consider the final output of our network.

The evaluation when using the ground truth phase is included as an upper bound to the
phase prediction. As can be seen from all measures on the mixed signal, the task becomes
increasingly difficult as more speakers are added. In general both the BSS metrics and PESQ
correlate well with our observations. It is interesting to note that while more speakers are
added, the SIR stays roughly the same, however more overall distortion is introduced. The
model is very effective in suppressing cross-talk in the output, however it does so with a

trade-off in the quality of the target voice.

The phase predicted by our network performs better than the mixed phase. Even though the
improvement is relatively small in numbers, the difference in speech quality is noticeable as
the “robotic” effect of having off-sync harmonics is significantly reduced. We encourage the

reader to listen to the samples in the supplementary material, where those differences can be
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understood better. However, the considerable gap with the performance of the ground truth

phase shows that there is much room for improvement in the phase network.

The transcription results using the Google ASR are also in line with these findings. In particular,
it is noteworthy that our model is able to generate highly intelligible results from noisy audio

that is incomprehensible by a human or an ASR system.

Although the content is mainly carried by the magnitude, we see major improvement in terms of
WER when using a better phase approximation. It is interesting to note that, although the phase
obtained using the Griffin Lim (GL) algorithm achieves significantly worse performance on
the objective measures, it demonstrates relatively strong WER results, even slightly surpassing

the predicted phase by a small margin in the case of 5 simultaneous speakers.

VoxCeleb2. In order to explicitly assess whether our model can generalize to speakers unseen
during training, we also fine-tune and test on VoxCeleb2, using train and test sets that are disjoint
in terms of speaker identities. The results are summarized in Table 6.2, where we showcase an
experiment for the 3-speaker scenario. We additionally include evaluation using the SAR and
STOI metrics. Overall the performance is comparable to, but slightly worse than, on the LRS2
dataset — which is in line with the qualitative performance. This can be attributed to the visual
features not being fine-tuned, and the presence of a lot of other background noise in VoxCeleb?2.

The results confirm that the method can generalize to unseen (and unheard) speakers.

The last column of the table shows the PESQ evaluation for the original model trained on
LRS2, without any fine-tuning on VoxCeleb. The performance is worse than that of the
fine-tuned model, however it clearly works. Since LRS2 is constrained to English speakers
only, but VoxCeleb2 contains multiple languages, this demonstrates that the model learns

to generalise to languages not seen during training.

6.3.6 Discussion

Phase refinement. Training our whole network end-to-end decreases the phase loss and

this might suggest that the inclusion of visual features also improves the phase enhance-
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Mag @ SIR SAR SDR STOI PESQ PESQ-NF

Mix Mix - -1.59 -299 034 1.58 1.58
Pr GT 1143 1641 1030 0.77 3.02 2.79
Pr GL 205 349 -242 0.65 259 2.39
Pr Mix 172 1354 6.71 0.65 2.59 2.41
Pr Pr 502 1377 791 0.67 267 2.45

Table 6.2: Evaluation of speech enhancement performance on the VoxCeleb2 dataset, for 3
simultaneous speakers, Notations are described in the caption of Table 6.1. Additional metrics used here:
SAR: Signal to Artefacts Ratio; STOI: Short-Time Objective Intelligibility, varies between 0 and 1;

PESQ-NF: PESQ score with a model that has not been fine-tuned on VoxCeleb; Higher is better for all.
ment. However, a thorough investigation to determine if, and to what extent, this is true

is left to future work.

AV synchronization. Our method is very sensitive to the temporal alignment between the
voice and the video. We use SyncNet for the alignment, but since the method can fail under
extreme noise, we need to build some invariance in the model. In future work this will

be incorporated in the model.

6.4 Conclusion

In this paper, we have proposed a method to separate the speech signal of a target speaker
from background noise and other speakers using visual information from the target speaker’s
lips. The deep network produces realistic speech segments by predicting both the phase
and the magnitude of the target signal; we have also demonstrated that the network is able
to generate intelligible speech from very noisy audio segments recorded in unconstrained

‘in the wild’ environments.

Statement of authorship

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

Our objective is an audio-visual model for separating a single speaker from a mixture of
sounds such as other speakers and background noise. Moreover, we wish to hear the speaker
even when the visual cues are temporarily absent due to occlusion. To this end we introduce
a deep audio-visual speech enhancement network that is able to separate a speaker’s voice
by conditioning on both the speaker’s lip movements and/or a representation of their voice.
The voice representation can be obtained by either (i) enrollment, or (ii) by self-enrollment —
learning the representation on-the-fly given sufficient unobstructed visual input. The model is
trained by blending audios, and by introducing artificial occlusions around the mouth region
that prevent the visual modality from dominating. The method is speaker-independent, and we
demonstrate it on real examples of speakers unheard (and unseen) during training. The method

also improves over previous models in particular for cases of occlusion in the visual modality.

Published in the proceedings of INTERSPEECH, 2018, pp. 3244-3248.

7.1 Introduction

While there has been great progress in the field of automatic speech recognition (ASR) in
recent years, some key challenges remain, particularly the understanding of speech in very
noisy environments or in cases where multiple people speak simultaneously. In this direction,
isolating voices in multi-speaker scenarios, increasing the signal-to-noise ratio in noisy audio,

or combinations of both are all important tasks.
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Figure 7.1: An audio-visual speech enhancement model may fail when the lip region is occluded by
e.g. a microphone. In such cases the input audio is often entirely filtered out and the result is silent
output over the occluded frames. The aim of our method is to be robust to this kind of occlusions.

Until very recently, works in this area have only used the audio modality for the task.
However, recent works have shown that the use of video can aid tremendously in solving

the problem [3, 120, 293].

These audio-visual models have demonstrated impressive results, but given their dependence
on the visual input, they may fail when the mouth area is occluded by the speaker’s hands,
a microphone (e.g. Fig. 7.1), or if the speaker turns their head away. Contemporaneously,
it has been shown that an embedding of the speaker’s voice can guide the separation of

simultaneous speech [393].

In this paper we propose combining the two approaches, i.e. conditioning on both the video
input containing the speaker’s lip movement and an embedding of their voice, in order to
make the audio-visual models robust to occlusions. Our assumption is that the video provides
invaluable discriminative information when present, while the speaker embedding can help the
model when the video is absent due to occlusions. In the simplest case, the voice embedding

can be obtained from pre-enrolled audio.

While it is possible to separate simultaneous speakers using only the audio [183, 421], the
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permutation issue in the time-domain remains an unsolved problem. With our approach, even
partially occluded video can provide information on the voice characteristics of the speaker

and resolve the ambiguity of assigning the separated voice to the speaker.

We make the following contributions: (1) we show how speaker embedding and visual cues can
be combined to separate a single speaker from a mixture of voices despite the visual stream
(the lips) being occluded; (ii) we propose a neural network model that can operate with video
only, enrollment data only, or both; and (iii) we introduce a recurrent model that can bootstrap
the computation of the speaker embedding under temporary occlusions, without requiring

a prior speaker embedding. We term this self-enrollment.

7.1.1 Related Work

Audio-only enhancement and separation. Various methods have been proposed to isolate
multi-talker simultaneous speech, the majority of which only use monaural audio, e.g. [ 199,

, , , ]. A number of recent works have addressed the permutation problem
to separate unseen speakers. Deep clustering [!83] uses embeddings trained to yield a
low-rank approximation to an ideal pairwise affinity matrix, whilst Yu et al. employ a

permutation invariant-loss [421].

Audio-visual speech enhancement. Prior to the advent of deep learning, numerous works
have been developed for audio-visual speech enhancement [103, , , , , ].
Several recent methods have used a deep learning framework for the same task — most notably
[133, , ]. However, these methods are limited in that they are only demonstrated
under constrained conditions (e.g. the utterances consist of a fixed set of phrases), or for
a small number of known speakers. Our previous work [3] proposed a deep audio-visual
speech enhancement network that is able to separate a speaker’s voice given lip regions in
the corresponding video, by predicting both the magnitude and the phase of the target signal.
Ephrat et al. [120] designed a network that conditions on the video input of all the source

speakers and outputs complex masks, thus also enhancing both magnitude and phase. Owens
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and Efros [293] train a network on audio-visual synchronization and use the learned features

for speaker separation. These last works demonstrate general results in-the-wild case.

Enhancement by conditioning on voice only. Wang er al. [393] develop a method that
separates voices conditioned on pre-learned speaker embeddings, showing that voice charac-
teristics alone can be enough to determine the separation. This however relies on a pretrained

model and does not use video.

We propose to combine the two ideas: using both visual input and voice embeddings from

the target speaker; our method partially builds on [3, , ].

7.2 Method

This section describes the architecture of the audio-visual speech enhancement network,
which is given in Figure 7.2. The network receives three inputs: (i) the noisy audio to be
enhanced; (ii) the corresponding video frames; (iii) a reference audio containing speech from
the target speaker. We summarize the principal modules below. Details of the architecture

are provided in Table 7.1.

Video representation. Input to the network is pre-cropped image frames, such as the face
crops found in the LRS datasets [2, 5]. Visual features are extracted from the sequence of image
frames using a spatiotemporal residual network described in [360]. The network contains
a 3D convolution layer, followed by a common 18-layer 2D ResNet [175]. For every video

frame it outputs a compact 512 dimensional feature vector.

Audio representation. As acoustic features, we use the magnitude and phase spectrograms
extracted from the audio waveforms using a Short Time Fourier Transform (STFT) with
a 25ms window length and a 10ms hop length at a sample rate of 16kHz. This results in
spectrograms with a time dimension four times the number of corresponding video frames. We
use 7'/4 and T to denote the number of video frames and corresponding time resolution

of the spectrograms respectively.
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Figure 7.2: The architecture of the audio-visual speech enhancement network: There are 2 audio
streams. The one processes the incoming noisy audio, while the other takes as input an enrollment
audio sample and creates a speaker embedding that captures the speaker’s voice characteristics. A
visual stream extracts frame-wise representations from the input video. The visual, speaker and audio
embeddings are combined and fed into the BLSTM which outputs a multiplicative mask that filters
the noisy spectrograms. When no enrollment audio is provided, the enhanced magnitudes (created
by a video-only pass) can be used as the input to the speaker embedding network.

Speaker embedding network. For embedding a reference audio clip into a compact speaker
representation, we use the method of Xie et al. [411]. To reduce the number of computations, we
replace all 2D spatial convolutions with 1D temporal ones which regard the frequency bins as

channels and pre-train the modified architecture on the VoxCeleb2 [85] dataset following [4 1 1].

Modality combination. As shown in Figure 7.2, the noisy magnitude spectrograms are en-
coded into audio feature vectors through a shallow temporal ResNet. The video features are up-
sampled through a network containing two transposed convolution layers to match the temporal
dimension of the spectrograms (47"). The speaker embedding extracted from the reference au-

diois tiled temporally and added to the resulting video embeddings to form the conditioning vec-
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Table 7.1: Architecture details. a) The 1D ResNet that processes the video features. b) The 1D ResNet
that processes the noisy audio spectrogram. ¢) The BLSTM and FC layers that perform the modality
fusion. Notation: K: Kernel width; S: Stride — fractional strides denote transposed convolutions;
P: Padding; Out: Temporal dimension of the layer’s output. The non-transposed convolution layers
are all depth-wise separable. Batch Normalization, ReLU activation and a shortcut connection are
added after every convolutional layer.

Layer #filters K S P Out Layer #filters K S P Out
fcO 1536 1 11 T/a fcO 1536 111 T
convl 1536 5 12 T/a convl 1536 512 T
conv2 1536 5 12 T/a conv2 1536 512 T
conv3d 1536 5% 2 T/2 convd 1536 512 T
convd 1536 5 12 T/2 convd 1536 512 T
convS 1536 5 12 T/2 convS5 1536 512 T
conv6 1536 5 12 T/2 fc6 256 111 T
conv7 1536 5% 2 T

conv8 1536 5 12 T (b) Noisy Audio Stream

conv9 1536 5 12 T
fc10 256 1 11 T

Layer #filters Out

BLSTM 400 T

(a) Video Stream fcl 600 T
fc2 600 T
fc_mask F T

(¢) AV Fusion

tor used for the enhancement. This vector is then fed along with the noisy audio embedding into
aone-layer bidirectional LSTM, followed by two fully connected layers. The output has spectro-

gram dimensions and is passed through a sigmoid activation to produce the enhancement mask.

Phase sub-network. In order to adjust the noisy phases to the enhanced magnitudes, we

use the phase network of [3] without any changes.

Self-enrollment. For self-enrollment, the magnitude network is run twice: on the first pass,
no speaker embedding is added to the visual one. The magnitudes that are output then serve
as input to the speaker embedding network, as indicated by the red feedback arrow, and the

network is run for a second time, with speaker embeddings this time.

We minimize the learning objective [3]:
9 * 1 * z *
L=|M-M| — W;f tp <Py, Prp>

where M, ® and M*, ®* are the predicted and ground truth magnitude and phase spectrograms
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respectively, and 7" and F' their time and frequency resolutions.

7.3 Experimental Setup

Datasets. The network is trained on the MV-LRS [90], LRS2 [2], and LRS3 [5] datasets,
and tested on LRS3. MV-LRS and LRS2 contain material from British television broadcasts,
while LRS3 was created from videos of TED talks. The speakers appearing in LRS3 are to
the best of our knowledge not seen in either of the other two datasets. The datasets share the
same format and pipeline including the face detection step, therefore no pre-processing is
required in order to utilise them together for training. We remove from the LRS3 training
set the few speakers that also appear in the test set, so that there is no overlap of identities
between the two. Hence, the test set contains only speakers unseen and unheard during
training and is suitable for a speaker-agnostic evaluation of our methods. Moreover, since
the test set of LRS3 contains relatively short sentences, for testing we extract some longer
sub-sequences from the original material used to make the LRS3 test set. We only use samples
from speakers that appear in at least 2 different videos (TED talks), to enable enrollment with

audio recorded in a different setting than the target one.

Synthetic data. We generate synthetic examples similarly to other works [3, , ] by first
sampling one reference audio-visual utterance from the training dataset and then mixing its
audio with interfering audio signals. We consider two scenarios: 2 speakers and 3 speakers,

where one and two interfering voices are added to the target signal respectively.

Enrollment. During training we do not know the identities of the speakers. Therefore, we
obtain the enrollment signal from the same video but a different, non-overlapping time segment.
This effectively reduces the amount of data we can use as we need to discard shorter videos
(e.g. if we use 3 seconds, we can only use videos at least 6 seconds long). We use this method

for training on datasets where the speaker identities are not known.

During evaluation we experiment with two enrollment methods: (i) pre-enrollment — we

sample an enrollment segment from a video of the same speaker that is different from the
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(a) Training samples (b) Test samples

Figure 7.3: Example frames of occluded videos used during training end evaluation.

one used to create the target sample (we do have identity labels for the test set); (ii) self-
enrollment — we obtain the enrollment audio with a pass through our network that does not

use a speaker embedding, as explained in Section 7.2.

Occlusions. For training, we artificially add occlusions to the video frames in the form of
random patches as shown in Figure 7.3a. We randomly occlude sub-sequences of 15 to 25
contiguous frames, maintaining the clear-to-occluded frames ratio at 1:3. This is more realistic
than simply zeroing out the incoming visual frames, as occluded video frames still produce
valid feature vectors. For evaluation however, instead of random patches, we place jittering
emojis on the videos as shown in Figure 7.3b. This type of visual noise has not been seen
during training. The emojis are used to occlude the video from the start and the end, while

the middle of the utterance is kept clear.

Training. The spatio-temporal visual front-end is pre-trained on a word-level lip reading task
[360]. We then freeze the front-end and pre-compute the visual features. The features are

extracted on a version of the videos where we have added random occlusions.

Training is conducted in four phases. We first pre-train the magnitude subnetwork only with
speaker embedding inputs. For this we first use mixtures of two and then three speakers.
Second, the visual modality is added and the magnitude network is trained on the saved visual
features for the three simultaneous speakers scenario; third the magnitude network is frozen

and the phase network is trained; finally the whole network is trained end-to-end.
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7.4 Experiments
7.4.1 Evaluation protocol

To evaluate the performance of our model we use the Signal to Distortion Ration (SDR) [128],
a common metric expressing the ratio between the energy of the target signal and of the errors
contained in the enhanced output. Furthermore to assess the intelligibility of the output, we
use the Google Cloud ASR system — we compute the Word Error Rate (WER) between the
prediction of the ASR system on the enhanced audio and the ground truth transcriptions of
the utterances contained in the segments used for evaluation. We evaluate on fixed length

video segments of 8 seconds (200 frames).

7.4.2 Baseline models

We compare our proposed approach to the following baselines and ablations, which we train

and evaluate both with and without visual occlusions.

PIT. We implement a blind source separation model that uses only the noisy audio input
stream of Fig. 7.2 and is trained with a permutation invariant loss following [421]. This

model is tailored to a predefined number of speakers.

V-Conv. This is the convolutional, visually conditioned baseline of Afouras et al. [3]. The
model uses a series of 1D convolutional blocks for fusing the audio and video modalities
instead of a BLSTM. Moreover, the video features are not upsampled by the video stream as
in our proposed model, but the audio-visual fusion is performed at the temporal resolution
of the video frames. The 1D convolutional stack then upsamples the fused input to the

dimensions of the spectrograms.

V-BLSTM. This model is similar to our proposed architecture but conditions only on video

features.



7. My Lips Are Concealed: Audio-visual Speech Enhancement Through Obstructions 112

Table 7.2: Evaluation of speech enhancement performance on samples from the LRS3 dataset, for
2 and 3 simultaneous speakers. All the samples are 8 seconds long, of which 6 seconds are occluded
(3 from either side) when occlusions are used. Tr. Occ: (Train Occlusions) Denotes that the model has
been trained using artificial occlusions; T. Oce: (Test Occlusions) Denotes evaluation with occlusions;
pre: Pre-enrollment: the enrollment audio is obtained from a different video of the target speaker;
self: Self-enrollment; SDR: Signal to Distortion Ratio (higher is better); WER: Word Error Rate from
oft-the-shelf ASR system (lower is better).

Tr. Occ. T. Occ. Enr. SDR (dB) WER (%)

# Spk.
2 3 2 3
m

GT signal - - - - - 200
Mixed signal - - 0.0 -3.7 82.6 93.2

PIT [421] - - 10.7 6.4 38.6 60.2
VoiceFilter [393] - pre 11.7 5.7 31.6 56.0

No occlusion during evaluation

V-Conv [3] X X - 127 9.1 249 33.7
V-Conv [3] v X - 129 9.3 25.0 35.1
V-BLSTM X X - 129 9.7 243 335
V-BLSTM v X - 13.0 95253 357
VS v X pre 12.8 9.2 26.5 38.3
VS v X self 12.8 9.3 26.6 40.3
80% occlusion during evaluation
V-Conv [3] X v - 0.8 -3.0 63.0 78.0
V-Conv [3] v v - 27 -1.6 544 74.1
V-BLSTM X v - 58 24493 67.1
V-BLSTM v v - 11.6 63313543
VS v v pre 12.1 7.3 30.7 50.0
VS v v o oself 122 7.2 30.3 50.3

VoiceFilter. This model conditions only on speaker embeddings and is equivalent to the
sub-network used during the first stage of the training process. It is essentially a VoiceFilter

[393] implementation with a slightly modified architecture, trained on our dataset.

VS. Our proposed architecture, which receives both video and speaker embedding inputs. As
discussed in Section 7.2, we investigate two variants, VS-pre and VS-self, that correspond to

the different enrollment methods employed during evaluation.
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7.4.3 Results

We summarize the results of our experiments in Table 7.2. When no occlusions are used, the
V-BLSTM model only slightly outperforms V-Conv. When 80% of the visual input frames are
occluded, the models that haven’t been trained with occlusions fail. Even when we include
occlusions during the training of V-Conv, it cannot deal with the missing visual information,
since its receptive field is limited (about 1 second to either side). On the contrary, V-BLSTM
uses its memory and learns to deal with local occlusions. Overall however, the proposed VS

models that explicitly condition on the expected speaker embedding give the best performance.

The results furthermore verify that both the VoiceFilter and VS-pre model perform well when
evaluated using enrollment signals from sources different from the target one, even though

they have never been trained in this setting.

The effect of occluding different amounts of the visual input is studied in Fig. 7.4. The V-
BLSTM model that has not been trained on occlusions does not perform well when even small
parts of the video input are occluded. When trained with occlusions, V-BLSTM becomes
much more resilient, however it still gives bad results for high occlusion percentages and

completely fails when the entire video is occluded.

The VS-pre model outperforms V-BLSTM when half or more of the input is occluded and

gives similar results for cleaner inputs.

Self-enrollment. For very high occlusion levels, the initial enhanced estimation of VS-self
is bad and evidently unable to capture the target voice characteristics. However, if more than
20% of the frames are clean, self-enrollment performs best. Therefore, apart from the higher

occlusion levels, VS with self-enrollment provides an advantage compared to V-BLSTM.

7.5 Conclusion

In this paper, we proposed a deep audio-visual speech enhancement network that is able

to separate a speaker’s voice by conditioning on both the speaker’s lip movements and/or
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a representation of their voice. The network is robust to partial occlusions, and the voice
representation can be self-enrolled from the unoccluded part of the input when it is not possible
to obtain segments for pre-enrollment. The methods are evaluated on the challenging LRS3
dataset, and demonstrate performance that exceeds that of previous state-of-the-art [3] when

the video input is partially occluded.

Statement of authorship

A statement of authorship for this paper is provided in Appendix A.
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2 Speakers and 3 Speakers scenarios. Model notations are explained in the caption of Table 7.2.
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Abstract

Our objective is to transform a video into a set of discrete audio-visual objects using self-
supervised learning. To this end, we introduce a model that uses attention to localize and
group sound sources, and optical flow to aggregate information over time. We demonstrate
the effectiveness of the audio-visual object embeddings that our model learns by using them
for four downstream speech-oriented tasks: (a) multi-speaker sound source separation, (b)
localizing and tracking speakers, (c) correcting misaligned audio-visual data, and (d) active
speaker detection. Using our representation, these tasks can be solved entirely by training
on unlabeled video, without the aid of object detectors. We also demonstrate the generality
of our method by applying it to non-human speakers, including cartoons and puppets. Our
model significantly outperforms other self-supervised approaches, and obtains performance

competitive with methods that use supervised face detection.

Published in the proceedings of European Conference on Computer Vision (ECCV), 2020,
pp. 208-224.

(b) Localization and tracking

(c) At (AV synchronization)

V

Figure 8.1: We learn through self-supervision to represent a video as a set of discrete audio-visual
objects. Our model groups a scene into object instances and represents each one with a feature
embedding. We use these embeddings for speech-oriented tasks that typically require object detectors:
(a) multi-speaker source separation, (b) speaker localization, (c) synchronizing misaligned audio and
video, and (d) active speaker detection. Using our representation, these tasks can be solved without
any labeled data, and on domains where off-the-shelf detectors are not available, such as cartoons and
puppets. Please see our webpage for videos: http://www.robots.ox.ac.uk/~vgg/research/avobjects.

Audio-visual objects a) Multi-speaker source separation (d) Active speaker detect|on
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8.1 Introduction

When humans organize the visual world into objects, hearing provides cues that affect the
perceptual grouping process. We group different image regions together not only because
they look alike, or move together, but also because grouping them together helps us explain

the causes of co-occurring audio signals.

In this paper, our objective is to replicate this organizational capability, by designing a model
that can ingest raw video and transform it into a set of discrete audio-visual objects. The
network is trained using only self-supervised learning from audio-visual cues. We demonstrate

this capability on videos containing talking heads.

This organizational task must overcome a number of challenges if it is to be applicable to raw
videos in the wild: (1) there are potentially many visually similar sound generating objects
in the scene (multiple heads in our case), and the model must correctly attribute the sound to
the actual sound source; (i1) these objects may move over time; and (iii) there can be multiple

other objects in the scene (clutter) as well.

To address these challenges, we build upon recent works on self-supervised audio-visual
localization. These include video methods that find motions temporally synchronized with
audio onsets [88, , ], and single-frame methods [22, , , ] that find regions
that are likely to co-occur with the audio. However, their output is a typically a “heat map”
that indicates whether a given pixel is likely (or unlikely) to be attributed to the audio; they
do not group a scene into discrete objects; and, if only using semantic correspondence, then

they cannot distinguish which, of several, object instances is making a sound.

Our first contribution is to propose a network that addresses all three of these challenges; it
is able to use synchronization cues to detect sound sources, group them into distinct instances,
and track them over time as they move. Our second contribution is to demonstrate that object
embeddings obtained from this network facilitate a number of audio-visual downstream tasks

that have previously required hand-engineered supervised pipelines.
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As illustrated in Figure 8.1, we demonstrate that the embeddings enable: (a) multi-speaker

sound source separation [3, ]; (b) detecting and tracking talking heads; (c) aligning
misaligned recordings [85, 92]; and (d) detecting active speakers, i.e. identifying which
speaker is talking [88, 326]. In each case, we significantly outperform other self-supervised

localization methods, and obtain comparable (and in some cases better) performance to prior
methods that are trained using stronger supervision, despite the fact that we learn to perform

them entirely from a raw audio-visual signal.

The trained model, which we call the Look Who’s Talking Network (LWTNet), is essentially
“plug and play" in that, once trained on unlabeled data (without preprocessing), it can be applied
directly to other video material. It can easily be fine-tuned for other audio-visual domains: we
demonstrate this functionality on active speaker detection for non-human speakers, such as
animated characters in The Simpsons and puppets in Sesame Street. This demonstrates the gener-
ality of the model and learning framework, since this is a domain where off-the-shelf supervised

methods, such as methods that use face detectors, cannot transfer without additional labeling.

8.2 Related work

Sound source localization. Our task is closely related to the sound source localization
problem, i.e. finding the location in a video that is the source of a sound. Early work
performed localization [33, , , ] and segmentation [|94] by doing inference on

simple probabilistic models, such as methods based on canonical correlation analysis.

Recent efforts learn audio and video representations using self-supervised learning [88, 221,

] with synchronization as the proxy task: the network has to predict whether video and audio
are temporally aligned (or synthetically shifted). Owens and Efros [293] show via heat-map
visualizations that their network often attends to sound sources, but do not quantitatively
evaluate their model. Recent work [206] added an attention mechanism to this model. Other
work has detected sound-making objects using correspondence cues [22, , , , ,

, , ], e.g. by training a model to predict whether audio and a single video frame

come from the same (or different) videos. Since these models do not use motion and are



8. Self-Supervised Learning of Audio-Visual Objects from Video 120

trained only to find the correspondence between object appearance and sound, they would
not be able to identify which of several objects of the same category is the actual source of
a sound. In contrast, our goal is to obtain discrete audio-visual objects from a scene, even
when they bellong to the same category (e.g. multiple talking heads). In a related line of work,
[138] distill visual object detectors into an audio model using stereo sound, while [ 14 1] use

spatial information in a scene to convert mono sound to stereo.

Active speaker detection (ASD). Early work on active speaker detection trained simple
classifiers on hand-crafted feature sets [97]. Later, Chung and Zisserman [$8] used synchro-
nization cues to solve the active speaker detection problem. They used a hand-engineered
face detection and tracking pipeline to select candidate speakers, and ran their model only on
cropped faces. In contrast, our model learns to do ASD entirely from unlabeled data. Chung
et al.[34] extended the pipeline by enrolling speaker models from visible speaking segments.
Recently, Roth ef al. [326] proposed an active speaker detection dataset and evaluated a

variety of supervised methods for it.

Source separation. In recent years, researchers have proposed a variety of methods for
separating the voices of multiple speakers in a scene |3, , , ]. These methods either
only handle a single on-screen speaker [293] or use hand-engineered, supervised face detection
pipelines. Afouras et al. [3] and Ephrat et al. [120], for example, detect and track faces and
extract visual representations using off-the-shelf packages. In contrast, we use our model

to separate multiple speakers entirely via self-supervision.

Other recent work has explored separating the sounds of musical instruments and other sound-
making objects. Gao et al. [140, ] use semantic object detectors trained on instrument
categories, while [327, ] do not explicitly group a scene into objects and instead either
pool the visual features or produce a per-pixel map that associates each pixel with a separated
audio source. Recently, [440] added motion information from optical flow. We, too, use flow
in our model, but instead of using it as a cue for motion, we use it to integrate information
from moving objects over time [ 135, 308] in order to track them. In concurrent work [191]

propose a model that groups and separates sound sources.
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Figure 8.2: The Look Who’s Talking Network (LWTNet): (1) Computes an audio-visual attention

map S, by solving a synchronization task, (2) accumulates attention over time, (3) selects audio-

visual objects by computing the IV highest peaks with non-maximum suppression (NMS) from the

accumulated attention map, each corresponding to a trajectory of the pixel over time; (4) for every

audio-visual object, it extracts embedding vectors from a spatial window p, using the local attention map
Sav to select visual features, and (5) provides the audio-visual objects as inputs to downstream tasks.

Representation learning. In recent years, researchers have proposed a variety of self-
supervised learning methods for learning representations from images [72, 110, 174, 178,
267,292,377, 398], videos [ 168, 169] and multimodal data [20, 221, 280, 294, 296]. Often
the representation learned by these methods is a feature set (e.g., CNN weights) that can be
adapted to downstream tasks by fine-tuning. By contrast, we learn an additional attention

mechanism that can be used to group discrete objects of interest for downstream speech tasks.

8.3 From unlabeled video to audio-visual objects

Given a video, the function of our model is to detect and track (possibly several) audio-visual
objects, and extract embeddings for each of them. We represent an audio-visual object as the
trajectory of a potential sound source through space and time, which in the domain that we

experiment on is often the track of a “talking head”. Having obtained these trajectories, we
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use them to extract embeddings that can be then used for downstream tasks.

In more detail, our model uses a bottom-up grouping procedure to propose discrete audio-
visual objects from raw video. It first estimates local (per-pixel and per-frame) synchronization
evidence, using a network design that is more fine-grained in space and time than prior models.
It then aggregates this evidence over time via optical flow, thereby allowing the model to obtain
robustness to motions, and groups the aggregated attention into sound sources by detecting
local maxima. The model represents each object as a separate embedding, temporal track,

and attention map that can be adjusted in downstream tasks.

We will now give an overview of the model, which is shown in Figure 8.2, followed by the
learning framework which uses self-supervision based on synchronization. For architecture

details, please refer to the the arXiv version.

8.3.1 Estimating audio-visual attention

Before we group a scene into sound sources, we estimate a per-pixel attention map that picks
out the regions of a video whose motions have a high degree of synchronization with the
audio. We propose an attention mechanism that provides highly localized spatio-temporal
attention, and which is sensitive to speaker motion. Asin [22, ], we estimate audio-visual
attention via a multimodal embedding (Figure 8.2, step 1). We learn vector embeddings for
each audio clip and embedding vectors for each pixel, such that if a pixel’s vector has a high
dot product with that of the audio, then it is likely to belong to that sound source. For this,
we use a two-stream architecture similar to those in other sound-source localization work

[22, , ], with a network backbone similar to [84].

Video encoder. Our video feature encoder is a spatio-temporal VGG-M [66] with a 3D
convolutional layer first, followed by a stack of 2D convolutions. Given a T’ x H x W x 3 input

RGB video, it extracts a video embedding map f,(z,y,t) with dimensions 7" x h X w x D.

Audio encoder. The audio encoder is a VGG-M network operating on log-mel spectrograms,

treated as single-channel images. Given an audio segment, it extracts a [D-dimensional
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embedding f,(t) for every corresponding video frame t.

Computing fine-grained attention maps. For each space-time pixel, we ask: how correlated
is it with the events in the audio? To estimate this, we measure the similarity between the audio
and visual features at every spatial location. For every space-time feature vector f,(z,y,t),

we compute the cosine similarity with the audio feature vector f,(t):

Sav(@y:t) = fo(@.y,t) falt), (8.1)

where we first [, normalize both features. We refer to the result, S,,(z,y,t), as the audio-

visual attention map.

8.3.2 [Extracting audio-visual objects

Given the audio-visual evidence, we parse a video into object representations.

Integrating evidence over time. Audio-visual objects may only intermittently make sounds.
Therefore, we need to integrate sparse attention evidence over time. We also need to group
and track sound sources between frames, while accounting for camera and object motion.
To make our model more robust to these motions, we aggregate information over time using
optical flow (Figure 8.2, step 2). We extract dense optical flow for every frame, chain the
flow values together to obtain long-range tracks, and average the attention scores over these
tracks. Specifically, if 7 (z,y,t) is the tracked location of pixel (z,y) from frame 1 to the

later frame ¢, we compute the score:

St (x Zsm, (z.9:0).1), (82)

where we perform the sampling using bilinear interpolation. The result is a 2D map containing
a score for the future trajectory of every pixel of the initial frame through time. Note that any
tracking method can be used in place of optical flow (e.g. with explicit occlusion handling);

we use optical flow for simplicity.

Grouping a scene into instances. To obtain discrete audio-visual objects, we detect spa-

tial local maxima (peaks) on the temporally aggregated synchronization maps, and apply
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Figure 8.3: Intermediate representations from our model. We show the per-frame attention maps

Sau(t), the aggregated attention map S'” and the two highest scoring extracted audio-visual objects.

We show the audio-visual objects for a single frame, with a square of constant width.

non-maximum suppression (NMS). More specifically, we find peaks in the time-averaged
synchronization map, S (z,y), and sort them in decreasing order; we then choose the peaks
greedily, each time suppressing the ones that are within a p x p box. The selected peaks can
be now viewed as distinct audio-visual objects. Examples of the intermediate representations

extracted at the steps described so far are shown in Figure 8.3.

Extracting object embeddings. Now that the sound sources have been grouped into distinct
audio-visual objects, we can extract feature embeddings for each one of them that we can use in
downstream tasks. Before extracting these features, we locate the position of the sound source
in each frame. A simple strategy for this would be to follow the object’s optical flow track
throughout the video. However, these tracks are imprecise and may not correspond precisely to
the location of the sound source. Therefore, we “snap" to the track location to the nearest peak
in the attention map. More specifically, in frame ¢, we search in an area of p X p centered on
the tracked location 7 (z,y,t), and select the pixel location with largest attention value. Then,
having tracked the sound source in each frame, we select the corresponding spatial feature
vector from the visual feature map f, (Figure 8.2, step 4). These per-frame embedding features,
fat(t), can then be used to solve downstream tasks (Section 8.4). One can equivalently view

this procedure as an audio-visual attention mechanism that operates on f,.
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8.3.3 Learning the attention map

Training our model amounts to learning the attention map S,, on which the audio-visual
objects are subsequently extracted. We obtain this map by solving a self-supervised audio-
visual synchronization task [88, , ]: we encourage the embedding at each pixel to be
correlated with the true audio and uncorrelated with shifted versions of it. We estimate the
synchronization evidence for each frame by aggregating the per-pixel synchronization scores.
Following common practice in multiple instance learning [22], we measure the per-frame

evidence by the maximum spatial response:

SO (t) :H%?unyav(x,y,t). (8.3)

We maximize the similarity between a video frame’s true audio track while minimizing
that of NV shifted (i.e. misaligned) versions of the audio. Given visual features f, and true
audio a;, we sample N other audio segments from the same video clip: aq,as,...,ayn, and
minimize the contrastive loss [92, ]:

exp(Sg, (v,0:))

L=-1 .
%8 exp (S (v,a5)) + 30 exp(Sett(v,a)

(8.4)

For the negative examples, we select all audio features (except for the true example) in a

temporal window centered on the video frame.

In addition to the synchronization task, we also consider the correspondence task of Arand-
jelovi¢ and Zisserman [22], which chooses negatives audio samples from random video
clips. Since this problem can be solved with even a single frame, it results in a model

that is less sensitive to motion.

8.4 Applications of audio-visual object embeddings

We use our learned audio-visual objects for a variety of applications.
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Figure 8.4: Multi-speaker separation. We isolate the sound of each speaker’s voice by combining our
audio-visual objects with a network similar to [3]. Given a spectrogram of a noisy sound mixture, the
network isolates the voice of each speaker, using the visual features provided by their audio-visual object.

8.4.1 Audio-visual object detection and tracking

We can use our model for spatially localizing speakers. To do this, we use the tracked location

of an audio-visual object in each frame.

8.4.2 Active speaker detection

For every frame in our video, our model can locate potential speakers and decide whether
or not they are speaking. In our setting, this can be viewed as deciding whether an audio-
visual object has strong evidence of synchronization in a given frame. For every tracked
audio-visual object, we extract the visual features f*(¢) (Sec. 8.3.2) for each frame t. We
then obtain a score that indicates how strong the audio-visual correlation for frame ¢ is, by
computing the dot product: f(t)-f,(t). Following previous work [88], we threshold the

result to make a binary decision (active speaker or not).

8.4.3 Multi-speaker source separation

Our audio-visual objects can also be used for separating the voices of speakers in a video. We
consider the multi-speaker separation problem [3, 120]: given a video with multiple people
speaking on-screen (e.g., a television debate show), we isolate the sound of each speaker’s
voice from the audio stream. We note that this problem is distinct from on/off-screen audio

separation [293], which requires only a single speaker to be on-screen.
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We train an additional network that, given a waveform containing an audio mixture and an
audio-visual object, isolates the speaker’s voice (Figure 8.4, full details in the the arXiv version
of the paper). We use an architecture that is similar to [3], but conditions on our self-supervised
representations instead of detections from a face detector. More specifically, the method of [3]
runs a face detection and tracking system on a video, computes CNN features on each crop,
and then feeds those to a source separation network. We, instead, simply provide the same

separation network with the embedding features fo ().

8.4.4 Correcting audio-visual misalignment

We can also use our model to correct misaligned audio-visual data — a problem that often
occurs in the recording and television broadcast process. We follow the problem formulation
proposed by Chung and Zisserman [88]. While this is a problem that is typically solved
using supervised face detection [88, 92], we instead tackle it with our learned model. During
inference, we are given a video with unsynchronized audio and video tracks, and we shift the

audio to discover the offset At that maximizes the audio-visual evidence:

- 1 E
At:argmaxfzsgtf(t), (8.5)
t=1

At
where S%/(t) is the synchronization score of frame ¢ after shifting the audio by A¢. This can

be estimated efficiently by recomputing the dot products in Eq. 8.1.

In addition to treating this alignment procedure as a stand-alone application, we also use it as
a preprocessing step for our other applications (a common practice in other speech analysis
work [3]). When given a test video, we first compute the optimal offset AAt, and use it to shift

the audio accordingly. We then recompute S,,(t) from the synchronized embeddings.
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8.5 Experiments

8.5.1 Datasets

Human speech. We evaluate our model on the Lip Reading Sentences (LRS2 and LRS3)
datasets and the Columbia active speaker dataset. LRS2 [2] and LRS3 [5] are audio-visual
speech datasets containing 224 and 475 hours of videos respectively, along with ground truth
face tracks of the speakers. The Columbia dataset [62] contains footage from an 86-minute
panel discussion, where multiple individuals take turns in speaking, and contains approximate
bounding boxes and active speaker labels, i.e. whether a visible face is speaking at a given point
in time. All datasets provide (pseudo-)ground truth bounding boxes obtained via face detection,
which we use for evaluation. We resample all videos to a resolution of H x W =270 x 480
pixels before feeding them to our model, which outputs i x w =18 x 31 attention maps. We

train all models on LRS2, and use LRS3 and Columbia only for evaluation.

Non-human speakers To evaluate our method on non-human speakers, we collected television
footage from The Simpsons and Sesame Street shows (Table 8.5). For testing, we obtained
ASD and speaker localization labels, using the VIA tool [ 13]: we asked human annotators
to label frames that they believed to contain an active speaker and to localize them. For every
dataset, we create a single-head and a multi-head set, where clips are constrained to contain
a single active speaker or multiple heads (talking or not) respectively. We provide dataset

statistics in Table 8.5 and more details in the the arXiv version of the paper.
8.5.2 Training details

Audio-visual object detection training. To make training easier, we follow [221] and
use a simple learning curriculum. At the beginning of training, we sample negatives from
random video clips, then switch to shifted audio tracks later in training. To speed up training,
we also begin by taking the mean dot product (Eq. 8.3), and then switch to the maximum.

We set p to 100 pixels.
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Our model

Figure 8.5: Talking head detection and tracking on LRS3 datasets. For each of the 4 examples, we
show the audio-visual attention score on every spatial location for the depicted frame, and a bounding box
centered on the largest value, indicating the speaker location. Please see our webpage for video results.

Figure 8.6: Handling motion: Talking head detection and tracking on continuous scenes from the
validation set of LRS2. Despite the significant movement of the speakers and the camera, our method
accurately tracks them.

Source separation training Training takes place in two steps: we first train our model to
produce audio-visual objects by solving a synchronization problem. Then, we train the multi-
speaker separation network on top of these learned representations. We follow previous work [ 3,
120] and use a mix-and-separate learning procedure. We create synthetic videos containing mul-
tiple talking speakers by 1) selecting two or three videos at random from the training set, depend-
ing on the experiment, 2) summing their waveforms together, and 3) vertically concatenating the
video frames together. The model is then tasked with extracting a number of talking heads equal

to the number of mixed videos and predicting an original corresponding waveform for each.

Non-human model training We fine-tune the best model from LRS2 separately on each of
the two datasets with non-human speakers. The lip motion for non-human speakers, such
as the motion of a puppet’s mouth, is only loosely correlated with speech, suggesting that

there is less of an advantage to obtaining our negative examples from temporally shifted audio.
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Figure 8.7: Active speaker detection on the Columbia dataset, and an example from the Friends TV
show. We show active speakers in blue and inactive speakers in red. The corresponding detection
scores are noted above the boxes (the threshold has been subtracted so that positive scores indicate
active speakers).

We therefore sample our negative audio examples from other video clips rather than from

misaligned audio (Section 8.3.3) when computing attention maps.

8.5.3 Results

1. Talking head detection and tracking. We evaluate how well our model is able to localize
speakers, i.e. talking heads (Table 8.1). First, we evaluate two simple baselines: the random
one, which selects a random pixel in each frame and the center one, which always selects the
center pixel. Next, we compared with two recent sound source localization methods: Owens
and Efros [293] and AVE-Net [22]. Since these methods require input videos that are longer
than most of the videos in the test set of LRS2, we only evaluate them on LRS3. We also
perform several ablations of our model: To evaluate the benefit of integrating the audio-visual
evidence over flow trajectories, we create a variation of our model called No flow that, instead,

T

computes the attention S’ by globally pooling over time throughout the video. Finally, we

also consider a variation of this model that uses a larger NMS window (p = 150).

We found that our method obtains very high accuracy, and that it significantly outperforms all
other methods. AVE-Net solves a correspondence task that doesn’t require motion information,
and uses a single video frame as input. Consequently, it does not take advantage of informative
motion, such as moving lips. As can be seen in Figure 8.5, the localization maps produced by
AVE-Net [22] are less precise, as it only loosely associates appearance of a person to speech,
and won’t consistently focus on the same region. Owens and Efros [293], by contrast, has a
large temporal receptive field, which results in temporally imprecise predictions, causing very

large errors when the subjects are moving. The No flow baseline fails to track the talking head
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Figure 8.8: Active speaker detection for non-human speakers. We show the top 2 highest-scoring
audio-visual objects in each scene, along with the aggregated attention map. Please see our webpage
for video results.

Method LRS2 LRS3
Random 28%  2.9%
Center 23.9% 25.9%
Owens & Efros [293] - 24.8%
AVE-Net [22] - 58.1%
‘Noflow 98.4% 94.2%
No flow + large NMS  98.8% 97.2%
Full model 99.6% 99.7%

Table 8.1: Talking head detection and tracking accuracy. A detection is considered correct if it
lies within the true bounding box.

well outside the NMS area, and its accuracy is consequently lower on LRS3. Enlarging the
NMS window partially alleviates this issue, but the accuracy is still lower than that of our model.
We note that the LRS?2 test set contains very short clips (usually 1-2 seconds long) with predom-
inantly static speakers, which explains why using flow does not provide an advantage. We show
some challenging examples with significant speaker and camera motion in Figure 8.6. Please

refer to the the arXiv version of the paper for further analysis of camera and speaker motion.

2. Active speaker detection. Next, we ask how well our model can determine which speaker is
talking. Following previous work that uses supervised face detection [89, 342], we evaluate our

method on the Columbia dataset [62]. For each video clip, we extract 5 audio-visual objects
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Method Speaker
Bell Boll Lieb Long Sick , Avg.

Chakravarty [62] 829 658 736 869 81.8 | 80.2

Shahid [347] 873 964 922 830 872 | 892
_SyncNet[85]  93.7 834 868 977 861 | 895
Ours 926 824 887 944 959 | 90.8

Table 8.2: Active speaker detection accuracy on the Columbia dataset [62]. F1 Scores (%) for each
speaker, and the overall average.

(an upper bound on the number of speakers), each of which has an ASD score indicating the
likelihood that it is a sound source (Section 8.4.2). We then associate each ground truth bound-
ing box with the audio-visual object whose trajectory follows it the closest. For comparison
with existing work, we report the F1 measure (the standard for this dataset) per individual
speaker as well as averaged over all speakers. For calculating the F1 we set the ASD threshold
to the one that yields the Equal Error Rate (EER) for the pretext task on the LRS?2 validation set.
As shown in Table 8.2, our model outperforms all previously reported results on this dataset,

even though (unlike other methods) it does not use labeled face bounding boxes for training.

3. Multi-speaker source separation. To evaluate our model on speaker separation, we follow
the protocol of [3]. We create synthetic examples from the test set of LRS2, using only videos
that are between 2 — 5 seconds long, and evaluate performance using Signal-to-Distortion-
Ratio (SDR) [128] and Perceptual Evaluation of Speech Quality (PESQ, varies between O
and 4.5) [323] (higher is better for both). We also assess the intelligibility of the output by
computing the Word Error Rate (WER, lower is better) between the transcriptions obtained
with the Google Cloud speech recognition system. Following [5], we train and evaluate
separate models for 2 and 3 speakers, though we note that if the number of speakers were

unknown, it could be estimated using active speaker detection.

For comparison, we implement the model of Afouras ef al. [3], and train it on the same
data. For extracting visual features to serve as its input, we use a state-of-the-art audio-visual
synchronization model [92], rather than the lip-reading features from Afouras et al. [6]. We
refer to this model as Conversation-Sync. This model uses bounding boxes from a well-

engineered face detection system, and thus represents an approximate upper limit on the
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Table 8.3: Source separation on LRS2. #Spk indicates the number of speakers. The WER on the
ground truth signal is 20.0%.

SDR PESQ WER %
Method \ # Spk. 2 3 2 3 2 3
Mixed input -03 -34 1.7 15 91.0 972

Conv.-Sync [3] 113 75 3.0 25 303 435

Frozen 10.7 7.0 3.0 2.5 307 442
Ours Oracle-BB  10.8 7.1 29 2.5 309 449
Small-NMS 10.6 6.8 3.0 25 312 447
Full 10.8 7.2 3.0 2.6 304 42.0

Table 8.4: Audio-visual synchronization accuracy (%) evaluation for a given number of input frames.

Input frames

Method 5 7 9 11 13 15

SyncNet [88] 75.8 82.3 87.6 91.8 94.5 96.1

PM [92] 88.1 93.8 96.4 97.9 98.7 99.1

performance of our self-supervised model. Our main model for this experiment is trained
end-to-end and uses p=150. We also performed a number of ablations: a model that freezes

the pretrained audio-visual features and a model with a smaller p = 100.

We observed (Table 8.3) that our self-supervised model obtains results close to those of [3],
which is based on supervised face detection. We also asked how much error is introduced by
lack of face detection. In this direction we extract the local visual descriptors using tracks
obtained with face detectors instead of our audio-visual object tracks. This model, Oracle-BB,

obtains results similar to ours, suggesting that the quality of our face localization is high.

4. Correcting misaligned visual and audio data. We use the same metric as [92] to evaluate
on LRS2. The task is to determine the correct audio-to-visual offset within a £15 frame
window. An offset is considered correct if it is within 1 video frame from the ground truth. The

distances are averaged over 5 to 15 frames. We compare our method to two state-of-the-art
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Table 8.5: Label statistics for non-human test sets. S is single head and M multi-head.

Source Type Clips Frames
The Simpsons S 41 87
The Simpsons M 582 251
Sesame Street S 57 120
Sesame Street M 143 424

synchronization methods: SyncNet [88] and the state-of-the-art Perfect Match [92]. We note
that [92] represents an approximate upper limit to what we would expect our method to achieve,
since we are using a similar network and training objective; the major difference is that we use
our audio-visual objects instead of image crops from a face detector. The results (Table 8.4)

show that our self-supervised model obtains comparable accuracy to these supervised methods.

5. Generalization to non-human speakers.We evaluate the LWTNet model’s generaliza-
tion to non-human speakers using the Simpsons and Sesame Street datasets described in
Section 8.5.1. The results of our evaluation are summarized in Table 8.6. Since supervised
speech analysis methods are often based on face detection systems, we compare our method’s
performance to off-the-shelf face detectors, using the single-head subset. As a face detector
baseline, we use the state-of-the-art RetinaFace [105] detector, with both the MobileNet
and ResNet-50 backbones. We report localization accuracy (as in Table 8.1) and Average
Precision (AP). It is clear that our model outperforms the face detectors in both localization

and retrieval performance for both datasets.

The second evaluation setting is detecting active speakers in videos from the multi-head test
set. As expected, our model’s performance decreases in this more challenging scenario;
however, the AP for both datasets indicates that our method can be useful for retrieving
the speaker in this entirely new domain. We show qualitative examples of ASD on the

multi-head test sets in Figure 8.8.
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Table 8.6: Non-human speaker evaluation for ASD and localization tasks on Simpsons and Sesame
Street. MN: MobileNet; RN: ResNet50.

Loc. Acc ASD AP
Single-head  Single-head  Multi-head
Method Simp. Ses. , Simp. Ses. Simp. Ses.
Random 8.7 16.0 - - - -
Center 62.0 80.1 - - - -
RetinaFace RN 477 612 40.0 46.8 - -
RetinaFace MN  72.1 70.2 | 604 524 - -
Ours 98.8 81.0 | 987 722 855 556

8.6 Conclusion

In this paper, we have proposed a unified model that learns from raw video to detect and

track speakers. The embeddings learned by the model are effective for many downstream

speech analysis tasks, such as source separation and active speaker detection, that in previous

work required supervised face detection.

Appendices

Appendices, qualitative videos and code for this chapter can be found online.
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Abstract

We tackle the problem of learning object detectors without supervision. Differently from
weakly-supervised object detection, we do not assume image-level class labels. Instead, we
extract a supervisory signal from audio-visual data, using the audio component to “teach” the
object detector. While this problem is related to sound source localisation, it is considerably
harder because the detector must classify the objects by type, enumerate each instance of the
object, and do so even when the object is silent. We tackle this problem by first designing
a self-supervised framework with a contrastive objective that jointly learns to classify and
localise objects. Then, without using any supervision, we simply use these self-supervised
labels and boxes to train an image-based object detector. With this, we outperform previous
unsupervised and weakly-supervised detectors for the task of object detection and sound
source localization. We also show that we can align this detector to ground-truth classes with
as little as one label per pseudo-class, and show how our method can learn to detect generic
objects that go beyond instruments, such as airplanes and cats.

To be published in the proceedings of the Conference on Computer Vision and Pattern

Recognition (CVPR) 2022.

9.1 Introduction

While recent progress in learning image and video representations has been substantial [ 72, 162,

,408], this has not yet translated into an ability to learn interpretable and actionable concepts
automatically. By that, we mean that some manual labels are still required in order to map
unsupervised representations to useful concepts such as image classes or object detections. In

this paper, we thus consider the problem of learning interpretable concepts without any manual

136
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Figure 9.1: We train an object detector simply by watching videos. Without using any manual
annotations, we learn to detect different objects in images, by first self-labelling boxes and object
categories and then using those as targets to teach a detector. The detection results shown are outputs
from our trained model; for visualisation purposes we show Hungarian-matched labels.

supervision. In particular, we focus on a problem that has not been explored extensively in the

literature: learning to simultaneously detect and classify objects with no manual labels at all.

This problem is related to weakly supervised object detection (WSOD [39, 284]), with the
difference that, in WSOD, the learning algorithm is given image-level labels telling it whether
the image contains an occurrence of a given object type or not. Inspired by recent work in self-
supervised learning, we seek to replace this source of external supervision with an internal su-
pervisory signal extracted from the observation of video data. Videos are far richer than images,
for example because they contain motion. Here, we focus on the multi-modal aspect of videos

and use sound as a weak and noisy cue to learn about objects in the visual component of the data.

The power of multi-modal self-supervision has been demonstrated before in self-supervised rep-
resentation learning, and, closely related, in video clustering [24]. However, while video clus-
tering can provide an interpretation of the data in terms of discrete classes, it does not provide
any information about the location of the relevant objects in images. On the other hand, sound
source localisation [22, 27, 207, 294] has considered precisely the problem of localizing the
source of sounds in images. Itis therefore tempting to trivially combine image classification and

sound source localisation in the hope of learning the type and location of objects automatically.
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Unfortunately, such an approach does not lead to a satisfactory object detector. To understand
why, it is important to note that the goal of sound source localisation is to localize the sound
while it is being heard. This is insufficient for a detector because many objects emit sounds only
occasionally and they become invisible to source localisation when they are silent. Instead,
a detector that works in the visual domain should be responsive even when the object cannot
be heard. Furthermore, source localisation methods generally only extract a heatmap giving
the distribution of possible object locations; in contrast, a detector solves the much harder
problem of enumerating all individual object instance that occur in an image by outputting

instance-specific bounding boxes.

In order to solve these issues, we should treat the sound component as a useful cue to learn
an object detector, but not as a cue which is necessary for detection. Instead, we consider the
problem of taking as input a collection of raw videos and producing a list of object classes

and locations, in order to train an image-based detector.

On a high level, our method is based on the following observation: we can use a sound source
localisation network to learn about possible locations of sounding objects in videos. From
this, we can extract a collection of bounding box pseudo-annotations for the objects and use
those to learn a standard object detector. Because the latter only uses the visual modality, it

immediately transfers to the detection of objects even when no relevant sound is present.

However, one challenge is that sound source localisation does not provide the necessary
class information to train class-specific detectors, effectively resulting in only learning a
region proposal network for generic objects, with high rates of false positives. To this
end, we note that most sound source localizers are based on noise-contrastive formulations
that, together with clustering-based approaches, occupy the current state-of-the-art in self-
supervised representation learning. Leveraging this, we derive a joint formulation that can
simultaneously benefit from and learn to localize sound sources and classify them without
any supervision. The resulting output can then be used to train any off-the-shelf object
detector such as a Faster-RCNN [316] to obtain a completely unsupervisedly learned object

detector, as shown in Fig. 9.1.
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Empirically, we test our method by training and testing on VGGSound [69] and AudioSet [ 149],

as well as testing only on a subset of Openlmages [230].
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Figure 9.2: Self-supervised object detection from audio-visual correspondence: We combine
noise-constrastive and clustering-based self-supervised learning to generate self-detections (boxes
and labels) and use those as targets to train a detector. The trained detector can be used to detect objects
from many categories on images without requiring audio.

9.2 Related Work

Audio-Visual Sound Source Localisation. Early work in sound-source localisation includes
probabilistic models for localisation [ 130, 180, 207] and segmentation [ 1 94], but more recently
the focus has shifted to dual-stream neural networks. For example, [22, 171, 34 1] propose a
contrastive learning approach that matches the visual and audio components of the data. The
work of [189, 191] instead clusters visual and audio features, associating to them centroids
by means of a contrastive loss. Other works [9, 293] learn heatmaps by exploiting audio-visual
synchronization in the same video, used previously for lip-to-mouth synchronization and
active-speaker detection [87, 257], or by leveraging explicit attention modules [206]. Zhao et
al. [440, 441] learn to associate pixels with audio sources by training with a mix-and-separate
objective. Others [312] combine activation maps learned from class labels [67, 338] with
a contrastive objective, use different levels of supervision and fusion techniques [314], or

improve heatmaps by mining hard negative locations [68].
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The work most similar to ours is [190], who first train a source localisation model with a
contrastive objective and then use the learned heatmaps to extract object representations that are
clustered using K-means. The cluster assignments are then used to train classifiers on top of the
audio and video encoders. The paper proceeds to use these learned representations to discrim-

inatively localize sound sources while suppressing quiet objects in ‘cocktail party’ scenarios.

Compared to our work, none of the above can detect and thus enumerate individual object
occurrences because they produce heatmaps. Furthermore, they all require audio during

inference, and therefore cannot be used on individual images or to detect silent objects.

Audio-visual category discovery. Learning visual categories is usually cast as image
clustering, for which there is abundant prior work, such as recent ‘deep clustering’ meth-
ods [25, 60, , , , ], or clustering with segmentation [382]. However, there is
less work for clustering audio-visual data. In [16] the authors extend Deep Cluster [60] to
the video domain by constructing two sets of labels from opposing modalities, which are
used for cross-modal representation learning. The work of [327] combines clustering with
audio-visual co-segmentation achieving combined audio-visual source separation. In [24],
the authors extend the self-labelling method of [25] to multi-modal data by learning a shared
set of labels between the two modalities. This work builds on the latter to complement and

boost sound source localisation in a joint learning framework.

Weakly Supervised Object Detection (WSOD). Weakly supervised detection uses (manual)
image-level category labels without bounding box annotations. Many approaches are based
on a form of multiple-instance learning [40), , , , , , , ], or proposal
clustering [372]. Recent works in the area [ 198, ] combine a variety of ideas, such as
self-training [448] and spatial dropout [399] or explore the use of mixed annotations [318].
Other works obtain improvements by adding curriculum learning [434], using motion cues in
videos [353], adversarial training [346], combining segmentation and detection [ |45, , 1,

or modelling the uncertainty of object locations [23].
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Other methods use technique such as CAM or analogous techniques [36, 67, , , , ]
as a form of weakly supervised saliency or localisation maps. Recent works have suggested
that saliency methods can also be applied to self-supervised networks [29, ], e.g. for

object co-localisation [29].

Self-supervised multi-modal learning. Our work is also related to methods that use
multiple modalities for representation learning [ 16,21,25,27, , , ] and synchroniza-
tion [88, 222, 293]. A number of recent papers have leveraged speech as a weak supervisory sig-
nal to train video representations [240), , , , ] whereas [ | 1]uses speech, audio and
video. Some works distil knowledge learned from one modality into another [7, 12, 138, 443].
Other works incorporate optical flow and other modalities [169, , , ] to learn
representations. For instance, the work of [376] learns to temporally localize audio events
through audio-visual attention. CMC [377] learns representations that are invariant to multiple
views of the data such as different color channels. Multi-modal self-supervision is also used

to learn sound source separation in [ 142], albeit they assume to have pre-trained detectors.

9.3 Method

Our goal is to learn object detectors using only unlabeled videos, simultaneously learning to
enumerate, localize and classify objects. Our approach consists of three stages summarized
in Fig. 9.2: first, we learn useful representations using clustering and contrastive learning;
second, we extract bounding boxes and class categories by combining the trained localisation
and classification networks; third, we train an off-the-shelf object detector by using these

self-extracted labels and boxes as targets.

Next, we explain each stage and refer the reader to the the arXiv version of the paperfor

further architecture and training details.
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9.3.1 Representation Learning

Sound source spatial localisation. Our method starts by training a sound source localisation
network (SSLN) using a contrastive learning formulation inspired by [22]. The SSLN is learned
from pairs (v,a), where v € R¥>*>W i5 a video frame (i.e., a still image) and a € RT*¥ is the

spectrogram of the audio captured in a temporal window centered at that particular video frame.

We consider a pair of deep neural networks. The first network fU(v) € RE*"*% extracts
from the video frame a field of C'-dimensional feature vectors, one per spatial location. We
use the symbol f¥(v) € RY to denote the feature vector associated to location u € 1) =
{1,...,h} x{1,...,w} Here h x w is the resolution at which the spatial features are computed and
is generally a fraction of the video frame resolution H x WW. The second network f¢(a) € R

extracts instead a feature vector for the audio signal.

Importantly, the spatial and audio features share the same C-dimensional embedding space and
can thus be contrasted. We further assume that the vectors f“(v) and f%(a) are L? normalized
(this is obtained by adding a normalization layer at the end of the corresponding networks).
The cosine similarity of the two feature vectors is then used to compute a heatmap of spatial
locations, with the expectation that objects that are correlated with the sounds would respond

more strongly. This heatmap is given by:

hu(v,a) = (f;(v).f"(a))/p, uwe,

where p, is a learnable temperature parameter.

For the multi-modal contrastive learning formulation [92, , ], the heatmap is converted
in an overall score that the video v and audio a are in correspondence. This is done by
taking the maximum of the response:

S(v,a) :Iilé’fh“(“’a>‘

The contrastive learning objective is defined by considering videos (v,a) € B3 in a batch 5.

This comprises two terms. The first tests how well a video frame matches with its specific
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audio among the ones available in the batch:

expS(v,a)

‘Ca v = lOg .
- |B’ U;B Z(v/,a/)EBexpS(Uva/)

The second is analogous, testing how well an audio matches with its specific video frame:

™ log expS(v,a)

(v,a)EB Z(v’,a/)EBeXpS(vlva) ‘

Cv—)a -

IB!

These two losses are averaged in the noise-contrastive loss:

£NC(B):(‘Ca—w(B)_’_Ev—)a(B))/Q (91)

Category self-labeling. Spatial localisation does not provide any class information, whereas
our goal is to also associate ‘names’ to the different objects in the dataset. To this end,
we consider the self-labelling approach of [24]. To briefly explain the formulation, let
y(v,a) € Y ={1,...,K} be alabel associated to the training pair (v,a). We also consider two
classification networks. The first maps a video v to class scores g*(v) € R and is optimized
by minimizing the standard cross-entropy loss:
L,(Bly)= _W > logsoftmax(y(v,a)|g”(v)).
(v,a)eB

Note that this classification loss is equivalent to a contrastive loss on the cluster indices (as
opposed to image indices) without normalization: As the last classification layer can be
viewed as computing dot-products with each corresponding cluster’s feature, it pushes the
representation towards the feature of the corresponding cluster and away from the other clusters.

The other network ¢%(a) is analogous, but uses the audio signal:

Lq.(Bly)= > logsoftmax(y(v,a)|g*(a)).

|B|(U a)eB

As noted in [24], the crucial link between the two losses is that the labels y are shared between

modalities. This is obtained by averaging the two losses:

Lo (Bly) = (L(Bly)+La(Bly))/2. (9.2)
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Note that the labels y are unknown; following [24] these are learned in an alternate fashion
with the classification networks, minimizing the same loss (9.2). In order to avoid degen-
erate solutions, the labels’ marginal distribution must be specified, e.g. using a simple

equipartitioning constraint:

1 1
— Z 1{y(v,a):k}:7 for allk:L...,K (93)
|D’ (v,a)eD K
where D denotes the entire dataset (union of all batches). Optimizing y can be done efficiently

by using the SK algorithm as in [24].

Joint training. To summarize, given the dataset D, we optimize stochastically w.r.t. random

batches B the loss:
L(Bly)=ALnc(B)+(1—A)Leust(Bly) (9.4)

where ) is a balancing hyperparameter.

The loss is optimized with respect to the localisation networks f* and f* and the classification
networks ¢” and ¢g®. These networks share common backbones ¢ and ¢* and differ only in

their heads, so they can be written as f” = f?oq", g* =§*0q", f*= f*0q® and ¢° = §*0q".

The model is trained by alternating between updating the labels y with eq. (9.2) under

constraint (9.3) and updating the networks by optimizing eq. (9.4).

9.3.2 Extraction of Self-labels for Detection

Once the localisation and classification networks have been trained, they can be used to
extract self-annotations for training a detector. This is done in two steps: extracting object

bounding boxes and finding their class labels.

Box extraction. To obtain “self-bounding boxes” for the objects, we use the simple heuristic
suggested by [446]: the heatmap h(v,a) is thresholded at a value €(h), the largest connected

component is identified, and a tight bounding box t*(v,a) € Q? around that component is



9. Self-supervised Object Detection From Audio-visual Correspondence 145

extracted (the notation means that the box is specified by the location of the top-left and

bottom-right corners).

The threshold is determined dynamically as a convex combination of the maximum and
average responses of the heatmap, controlled by hyperparameter 3:

L5 9.5)

=gt 1= 2

Class labelling. As noted above, we only extract a single object from each frame for the
purpose of training the detector. Likewise, we only need to extract a single class label for
the frame. This is done by taking the maximum response of the visual and audio-based
classification networks:

y*(v,a) =argmax|g, (v)+g,(a)]. (9.6)

yey

Filtering the annotations. The assumption that frames contain a dominant object introduces
noise but simplifies the problem and gives us the ability to use the audio to obtain purer clusters.

Notably, we do not require the method above to work for all frames but instead rely on our

detector to smooth over the specific and noisy self-annotations to learn a holistic detection.

9.3.3 Training the Object Detector

The process described above results in a shortlist of training triplets (v,t*,y*) € Dye, Where
v is a video frame (an image), t* is the extracted bounding box and y* is its class label. We
use this dataset to train an off-the-shelf detector, in particular Faster R-CNN [316] for its

good compromise between speed and quality.

Recall that, given an image v, Faster R-CNN detector considers a set of bounding box
proposals m € M(v) C Q2. It then trains networks y(m) = f¥(m|v) € {1,..., K,bkg}
and t(m) = fi¢(m|v) € R* inferring, respectively, the class label y(m) and a refined full-
resolution bounding box t(m) for the box proposal m. The label space is extended to also

include a background class bkg, which is required as most proposals do not land on any object.
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The detector is trained by finding an association between proposals and annotations. To
this end, if m* = argmax,, ¢ ys(,)loU(m,t*) is the proposal that matches the pseudo-ground

truth bounding box ¢* the best, one optimizes:

ﬁdet(“at* 7?/*) = 'Creg (t(m*) at*) +£cls (y(m*) ay*)

—+ Z £cls(y(m) 7bkg) :

meM (v):IoU(m,t*) <1
Here L., is the L' loss for the bounding box corner coordinates and L the standard cross-
entropy loss. Intuitively, this loss requires the best proposal m* to match the pseudo-ground
truth class ™ and bounding box ¢* of, while mapping proposal m that are a bad match (7 <0.7)
to class bkg. Further details, including how the region-proposal network that generates the

proposals is trained, are given in the the arXiv version of the paper

Discussion. Training a detector is obviously necessary to solve the problem we set out to
address. However, it can also be seen as a way of extracting ‘clean’ information from the
noisy self-annotations. Specifically: (i) the noise in individual annotations is smoothed over
the entire dataset; (ii) because of the built-in NMS step, the detector still learns to extract
multiple objects per image even though a single self-annotation is given for each training
image; (ii1) by learning to reject a large number of false bounding box proposals, the detector

learns to be more precise than the self-annotations are.

9.4 Experiments

We first introduce the datasets, experimental setup and relevant baselines; we then test our

method against those, analyse it further via ablations and its capacity to generalize.

9.4.1 Datasets

AudioSet-Instrument. AudioSet [149] is a large scale audio-visual dataset consisting of 10-
second video clips originally from YouTube. For training we use the AudioSet-Instruments [22]

subset of the “unbalanced” split, containing 110 sound source classes as well as its more
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constrained subset used by [190] spanning 13 instrument classes. Following previous work

we use the “balanced” subset for evaluation on the annotations provided by [190].

VGGSound. VGGSound contains over 200K 10-second clips from YouTube spanning 309
categories of objects where there is some degree of correlation between the audio and the video.
We create one subset by keeping only the 50 musical instrument categories yielding around
54K training videos, and one other subset, by keeping from those only the 39 categories that
can be roughly mapped to the test-set annotations (details in the arXiv version of the paper).
For VGGSound pseudo-ground truth test-set annotations are obtained using a supervised

detector from [142], following [190].

Openlmages. For evaluation, we also use the subset of the Openlmages [230] dataset

containing musical instruments, which spans 15 classes.

PCL

Ours

Figure 9.3: Qualitative results and comparison with a weakly supervised object detection method,
PCL [372], on the Openlmages test set. Our method accurately detects objects, capturing their
boundaries, even though it has been trained without any supervision. For visualisation purposes, we
show the labels obtained from matching with the Hungarian method. More qualitative results provided
in the the arXiv version of the paper.

9.4.2 Baselines

We are not aware of any prior work that learns an object detector for multiple object classes
without any supervision. Instead, we compare against weakly-supervised detectors (hence
using image-level labels) and unsupervised localisation methods that only produce heatmaps

(not detections).
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Weakly-supervised detection. For weakly-supervised detection, we consider PCL [372],
the strongest such baseline for which we could find an implementation. Image-level labels
are obtained from the corresponding dataset: for AudioSet the 13 labels of the training set
are used, and for VGGSound we manually merge the 39 sub-classes to equivalent 15 classes
(e.g., electric guitar, acoustic guitar to “Guitar” etc.); see the arXiv version of the paperfor full
details. However, we have found that training PCL directly on the same data as our method (i.e.,
random clips from the VGGSound and AudioSet-Instrument subsets) does not work, likely
due to the high amount of noise present in the labels (e.g., several videos are be labelled with
an instrument, which is however not visible at all). To avoid this issue, we further preprocess
the training data with a supervised instrument detector [142] and only retain frames where
at least one relevant detection is found. This of course gives an “unfair” advantage to the

baseline, but it is necessary to be able to use it at all.

Heatmap-based localisation. For our second baseline, we consider localisation methods
that, similarly to us, use cross-modal self-supervised learning. The state-of-the art DSOL
method of [190] is the most relevant, as it produces a heatmap roughly localizing the objects
and produces class pseudolabels. While DSOL does not use image-level labels like PCL, it
does use audio during inference, and thus strictly more information than our method (which

performs localisation only in the visual domain).

Region proposals. Finally, we also compare against other baselines such as simply predicting
a large centered box and class-agnostic region proposal methods such as selective search, and

using a RPN obtained from supervised training on COCO [245].

9.4.3 Implementation Details.

Assessing class pseudolabels. Since class pseudolabels do not come with the “name” of the
class (they are just cluster indices), they must be put in correspondence with human-labelled
classes for evaluation. Following prior work in unsupervised image clustering [25, 35, 197,

], we apply Hungarian matching [228] to the learned clusters and the ground truth classes.
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VGGSound Audioset OpenIlmages
Method Nolabels? mAP30 mAPs5o mAP[50:95:5] mAP30 mAP5g mAP[50:95:51 mAP30 mAP5q mAP[50:95:5]
PCL (WSOD) [372] X 549 277 7.6 39.0 175 4.4 379 145 3.5
Ours - weak sup. X 67.6 429 14.2 50.6 309 10.3 489 337 9.5
Center Box* 296 5.6 1.5 15.1 3.5 0.7 207 42 0.8
Selective Search* [379] 52 1.1 0.4 2.8 0.4 0.1 7.4 2.1 0.7
COCO-trained RPN* X 334 75 1.6 19.0 4.1 0.8 244 11.1 2.6
Ours - self-boxes* 48.1  29.6 10.0 27.8 141 4.8 NA NA NA
Ours - full 523 394 14.7 4.3 28.0 9.6 399 285 7.6

Table 9.1: Self-supervised object detection. We report object detection metrics across three test
datasets and find our method is far superior to other unsupervised approaches and outperforms even
the weakly supervised baseline in most metrics. For methods denoted by *, we report class-agnostic
evaluation numbers. Center Box denotes a simple baseline predicting random sized boxes in the middle
of the frame. Ours-weak sup. is a variant of our model trained with the video-level category annotations
in combination with our self-extracted boxes. The class-agnostic performance of the self-boxes that are
used to train the detector reveals that the latter greatly outperforms them, which highlights the benefit
of our approach.

Importantly, the matching is done after the detector is trained and only done for assessment;

meaning that the detector does not use any manual label.

Training resolutions. We train our method on random square crops of 224 pixels after
resizing to 256 pixels. During the training of the detector, we take random 224 crops and
obtain the the self-supervised bounding boxes on-the-fly from our pretrained model, which

are scaled and used to train the detector at the larger detector resolution.

Detector warm-up. We warm-up the Faster R-CNN detector by training in a class-agnostic
manner for 20 epochs. This gives the RPN (which is randomly initialized) an opportunity
to learn sufficiently stable bounding box proposals; we then switch to full class-aware
supervision. We found that this leads to more robust convergence compared to training

with pseudo-labels from the start.

Backbone pretraining. We also found it beneficial to pretrain the localizer backbone using
only the localisation loss on the full AudioSet-Instruments dataset, and the detector backbone
using self-supervised SImCLR [72] on ImageNet (note that the DSOL baseline uses instead

supervised ImageNet pretraining for the backbone).
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single-instr. multi-instr.
Method IoU-0.5 AUC cloU-0.3

Sound of pixels [441] 38.2 40.6 39.8
Objectt. Sound [22]  32.7 395 27.1

Attention [341] 36.5 395 29.9
DMC [189] 32.8 382 32.0
DSOL [190] 389 409 48.7
Ours 50.6 475 524

Table 9.2: Comparison to sound localisation methods. Since our detector does not require audio,
we obtain detections on the video frames directly. Our model outperforms the baselines. Baselines
numbers taken from [190].

Detector training. If not stated otherwise, the localizer and detector are trained on VG-
GSound and AudioSet whereas Openlmages are only used for evaluation. We do not have any
information on the number of instruments in VGGSound and use all videos with no single/multi-
object curation. For a fair comparison with DSOL, and only for the relevant experiment in

Table 9.2, we train on AudioSet using the single-instrument subset for learning the localizer.

Number of clusters. For VGGSound training we use K = 39 if not stated otherwise,
matching the 39 object types in the training set. Since the dataset is roughly balanced,
uniform marginals are used as described in [24]. For AudioSet training we use K = 30

and Gaussian marginals.

9.4.4 Results

Self-supervised object detection. We summarise the results of our evaluations on the three
test sets that we consider in Table 9.1. Following the image object detection literature, we

use mAP at different IOU thresholds as the evaluation metric.

Our method clearly outperforms the PCL baseline even though it uses no manual annotations
at all during training. PCL outperforms our approach in some of the datasets only if the
IoU threshold used for mAP computation is relaxed substantially (0.3 IoU). However, for
stricter thresholds our approach works better, which suggests that our detections have a

relatively high spatial accuracy.
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Dataset mAP5o Accordion Cello Drum Flute Horn Guitar Harp Piano Saxophone Violin Banjo Trombone Trumpet Oboe
Openlmages 28.5 75.3 302 6.6 65 150 145 804 28.8 225 28.8 57.0 9.7 18.1 6.3
Audioset 28.0 413 449 09 55 21.7 395 826 527 2.5 17.4 46.7 8.0 -
VGGSound  39.4 88.6 394 1.8 500 34 349 956 502 14.4 56.3 100.0 2.2 11.0 38

Table 9.3: Per-class mAP breakdown For entries with ‘— the test set does not contain any samples
for that class.

To understand the impact of the noisy class self-labels, we also train and test a detector (Ours
- weak sup.) with the bounding box labels from our localisation network, but utilising the
ground truth video categories. The resulting performance difference is modest, resulting
in a 3% APS50 drop in VGGSound and AudioSet. This further demonstrates the accuracy
of our class self-labels, but also shows that our method has also the potential to leverage

weak supervision if available.

Per-class performance breakdown. To better understand the strengths and weaknesses
of our method, we report a performance breakdown by object class in Table 9.3. We observe
that the model obtains good results consistently for classes of large objects with a distinctive
appearance (e.g. accordions and harps), while it is weaker for smaller objects such as oboes,

or for objects that appear closely in numbers, like drums.

Comparison to audio-visual heatmaps. In Table 9.2 we compare the performance of our
method trained on AudioSet to state-of-the-art sound source localisation methods. For a fair
comparison to these methods, we convert the union of our predicted bounding boxes with
confidence above a set threshold into a binary map, and use the latter as a pseudo-heatmap
to use the same evaluation code. Our approach outperform others for both class-agnostic
single object localisation and for class-aware multi-object localisation, without using audio

signals during inference.

We note however that cIOU is not a very reliable metric for evaluating a detector (or even
sound localizer) as it favours high recall over precision: by averaging this metric over all

classes the most frequent ones (e.g. drums, guitars, pianos) dominate the metric. We therefore
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mAP50

B  #boxes VGGS O.Images

0.7 single 39.4 28.5
0.8 single 36.6 29.4
0.9 single 35.8 28.8
0.7-0.9 single 37.5 294
0.7-0.9 multi  38.0 29.3

Table 9.4: Ablation of hyperparameter 3, which controls the relative width of the bounding box; multi
denotes the use of multiple self-labelled boxes per sample. Overall the method is fairly stable with respect
to the choice of this parameter, however sampling /3 from a range (0.7-0.9) obtains a better balanced
performance. Moreover we do not observe any substantial improvement from using multiple boxes.

mAP50
mAP; Matching VGGS O.Images
#GT-cls. K VGGS O.Images Hung. 39.4 28.5
39 20 344 244 Qrgmai‘ 4312.(6) gg';
39 30 351 25.1 anta : ;
39 39 394 28.5 1-shot 36.4 25.1
39 50 41.0 27.5 10-shot  37.1 25.8

Table 9.5: Number of clusters K. Our methodis  Table 9.6: Matching strategies. Even with as
relatively robust (< 5% decrease in detection AP) little as 39 labels, our method can detect and
to the number of clusters used for self-labelling. classify objects accurately.

propose to the research community — and report in this paper — mean average precision (mAP)

values as a more indicative metric.

Ablation: Thresholding parameter. In Table 9.4 we investigate the influence of the hyper-
parameter (3 and the number of extracted target boxes we use for training the detector. From
Eq. (9.5), a smaller $ makes the heatmaps more focused and specific. With regards to this
parameter, we find somewhat inverse trends for VGGSound vs Openlmages, where smaller
[ yields better results for the former and larger (3 for the latter. We find that a good balance in
terms of performance can be achieved by sampling 3 randomly from a range, as over-specific
boxes for some images and under-specific ones are successfully combined during detector
training. Even when extracting multiple boxes for training the detector, we find our method

performs similarly well to when only extracting a single box.
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Ablation: Number of clusters K. In Table 9.5, we perform an experiment varying the
number of clusters, and as a consequence the number of object categories that the detector
learns, while keeping the test-set (containing 15 classes) fixed. We observe that out method
achieves reasonable performance for a wide range of the number of clusters. The performance
is fairly stable when using more clusters than the ground truth classes, and gradually decreases

when fewer clusters are used.

e

et
Figure 9.4: Object detection beyond musical instruments. Our proposed method can learn to
accurately detect objects from more general categories, as long as they can be associated with a
characteristic sound. The results shown here are from a model trained without labels directly on the

full VGGSound dataset which includes 309 different video classes. Our method successfully learns
to detect non-instrument objects, even in difficult multi-instance cases.

Data-efficient detector alignment. In Table 9.6 we conduct an investigation into the
matching of the clusters to the ground truth labels. First, we compare Hungarian matching to
simply taking the argmax of the ground truth class per self-label (i.e. assigning to the most
frequent class). We find this yields almost the same results for VGGSound and a gain of 1.6% on
Openlmages. By refining the Hungarian assignments via manually grouping similar classes and
mapping each group to one of the test classes (for example mapping ‘piano’, ‘electronic organ’
and ‘Hammond organ’ all to ‘piano’; see the arXiv version of the paperfor details), we find an-
other small additional gain can be realized. While the Hungarian and argmax are common eval-
uation methods for the self-supervised clustering domain, we note that they are unsatisfactory
as they still implicitly require a large set of labels. To alleviate this, we devise a “data-efficient”
class-matching procedure as follows: Per pseudo-class, obtain the m videos which have the

highest response for being in that particular pseudo-class (averaged across audio and video) and
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obtain the class-label for these m samples. The pseudo-class is then assigned the most frequent
ground truth class among these m. Overall, this reduces the number of labels required down to
K'm, making it a more realistic and scalable evaluation method for self-supervised approaches.
Following this procedure, we find that even by just using m =1 (i.e., a total number of 39
annotations), our method still achieves high performances of 37.1% and 25.3% on VGGSound
and Openlmages. This 3% drop compared to the Hungarian can be further decreased to around

2.3% by using 10 labels per pseudo-class, for a total labelling budget of 390 images.

Qualitative analysis. We show examples of successfully detected objects in challenging
images in Fig. 9.3, where we also include the outputs of the PCL baseline. Although our
model has not been manually shown any objects boundaries during training we see that it can
learn very accurate boxes around them and that it can successfully identify multiple objects

in complicated scenes. We provide further examples in the arXiv version of the paper.

9.4.5 Towards general object detection

The results presented thus far have focused on subsets of common datasets with instruments
solely to ensure comparability with prior works. Since one main goal of self-supervised
learning is to leverage the vast amount of unlabelled data, we wish to investigate how general
and robust our proposed method when applied on a far larger scale. For this, we increase
our pretraining dataset by approximately 10 x, simply by taking the whole of the VGGSound
dataset, without any filtering. We set the number of learned clusters /K to 300 and keep all
training parameters the same; the result is an unsupervisedly trained object detector that can
classify 300 pseudo-classes. As before, we match these to the VGGSound labels with the
Hungarian algorithm and out of these take ten categories for which we have annotations in

the Openlmages dataset (details in the Appendix).

In Fig. 9.4 we show qualitative results of some detections on Openlmages. The numerical
results are given in Table 9.7. We find that even for objects that are deformable, such as cats,
we get high AP35, values of 67.7% and that even objects that vary in shape, such as airplanes

(see Fig. 9.4, bottom-right), we achieve a good performances 62.7%. While the results for the
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Class AP3p AP5o AP(50.95.5]
Mean 45.6 244 6.5
Airplane 62.7 27.0 6,5
Ambulance 56.9 30.9 7.1
Bird 26.5 15.8 3.7
Car 29.8 184 5.1
Cat 67.7 28.0 7.7
Comp. Keyboard. 53.3 42.6 12.9
Comp. Mouse 359 254 8.8
Frog 435 195 4.7
Lion 341 222 49
Snowmobile 64.3 14.3 35

Table 9.7: Results on general object categories.

APs5.95.5 metric indicate that there is still room for improvement, these initial results show that
leveraging larger and more diverse video datasets for self-supervisedly learning object detectors
is a promising avenue. We note that, since minimal curation is performed on the training data,
and we use a large number of different object categories in a noisy dataset, this training setting

is very challenging. These results further highlight the potential of our proposed method.

9.5 Conclusion

We have presented a method for training strong object detectors purely with self-supervision
by watching unlabelled videos. We demonstrated that our best models perform better than
a weakly supervised baseline, even after curating the dataset to filter out noisy samples for
training the latter. Our method also outperforms heatmap-based methods in music instruments
localisation, while having the ability to detect objects in images directly without requiring
audio. We have also addressed one short-coming of using the Hungarian for evaluation by
showing that data-efficient alignment of self-supervised detectors is possible with as little
as one image per pseudo-label. Finally we applied our method to domains beyond musical
instruments and found that it can learn reasonable detectors in this much less curated setting,

paving the way to general self-supervised object detection.

Sound is a great natural source of supervision for training detectors; we believe our method

will be the first of many to explore this exciting new direction.
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Appendices

Appendices for this chapter can be found in the online version of the paper. '

Statement of authorship

A statement of authorship for this paper is provided in Appendix A.
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Abstract
The objective of this work is to annotate sign instances across a broad vocabulary in continuous
sign language. We train a Transformer model to ingest a continuous signing stream and output
a sequence of written tokens on a large-scale collection of signing footage with weakly-aligned
subtitles. We show that through this training it acquires the ability to attend to a large vocabulary
of sign instances in the input sequence, enabling their localisation. Our contributions are as
follows: (1) we demonstrate the ability to leverage large quantities of continuous signing
videos with weakly-aligned subtitles to localise signs in continuous sign language; (2) we
employ the learned attention to automatically generate hundreds of thousands of annotations
for a large sign vocabulary; (3) we collect a set of 37K manually verified sign instances across
a vocabulary of 950 sign classes to support our study of sign language recognition; (4) by
training on the newly annotated data from our method, we outperform the prior state of the

art on the BSL-1K sign language recognition benchmark.

Published in the proceedings of Conference on Computer Vision and Pattern Recognition

(CVPR), 2021.

10.1 Introduction

Sign languages are visual languages that, for deaf communities, represent the natural means
of communication [366]. Our goal in this paper is to identify and temporally localise instances
of signs among sequences of continuous sign language. Achieving automatic sign localisation

enables a diverse range of practical applications: construction of sign language dictionaries
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“The first plants to choose when planning any garden”

Attention score

Time frames

Figure 10.1: Sign localisation emerges from sequence prediction. In this work, we show that the abil-
ity to localise instances of signs emerges naturally by training a Transformer model [384] to perform a se-
quence prediction task on hundreds of hours of continuous signing videos with weakly-aligned subtitles.

to support language learners, indexing of signing content to enable efficient search and
“intelligent fast-forward” to topics of interest, automatic sign language dataset construction,
“wake-word” recognition for signers [324] and tools to assist linguistic analysis of large-

scale signing corpora.

In recent years, there has been a great deal of progress in temporally localising human actions
within video streams [350, 442] and spotting words in spoken languages through aural [96]
and visual [270, 360] keyword spotting methods. In both cases, a key driver of progress has
been the availability of large-scale annotated datasets, enabling the powerful representation

learning abilities of convolutional neural networks to be brought to bear on the task.

By contrast, annotated datasets for sign language are limited in scale and typically orders of
magnitude smaller than their spoken counterparts [43]. Widely used datasets such as RWTH-
PHOENIX [51, ] and the CSL dataset [ 192] provide continuous sign annotations in the
form of glosses' or free-form sentences, but lack precise temporal annotations and are limited
in content diversity, vocabulary, and scale. Large-scale collections of continuous signing

videos exist, but are limited to sparse annotation coverage [ 14, ].

In the absence of large-scale annotated training data, in this work we turn to a readily
available and large-scale source: sign-interpreted TV broadcast footage together with subtitles
of the corresponding speech in English. We propose to annotate this data with signs by

training a Transformer [384] to predict, given input streams of continuous signing, the

IGlosses are atomic lexical units used to annotate sign languages.
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corresponding subtitles, and then using its trained attention mechanism to perform alignment

from English words to signs.

This is a very challenging task: first, subtitles are only weakly aligned to the signing content—a
sign may appear several seconds before or after its corresponding translated word appears in
the subtitles, thus subtitles provide a relatively imprecise cue about the temporal location of
a sign. Second, sign interpreters produce a translation of the speech that appears in subtitles,
rather than a transcription—words in the subtitle may not correspond directly to individual
signs produced by interpreters, and vice versa. Third, grammatical structures between sign
languages and spoken languages differ considerably [366], and consequently the ordering

of words in the subtitle is typically not preserved in the signing.

The core hypothesis motivating this approach is that in order to solve the sequence prediction
task, the attention mechanism of the Transformer must be capable of localising sign instances.
We demonstrate that by employing recent sign spotting techniques [14, ] to coarsely
align subtitles, sequence prediction is rendered tractable. One of the primary findings of
this work is that, when performed at large scale (across hundreds of hours of continuous
signing content), the ability to localise signs indeed emerges from the attention patterns of

the sequence prediction model (Fig. 10.1).

We make the following four contributions: (1) by training on an appropriate sequence prediction
task, we show that the attention mechanism of the Transformer learns to attend to specific signs,
enabling their localisation; (2) we employ the learned attention to automatically generate
hundreds of thousands of annotations for a large sign vocabulary; (3) we collect a set of 37K
manually verified sign instances across a vocabulary of 950 sign classes to support our study
of sign language recognition; (4) by training on the newly annotated data from our method,

we outperform the prior state of the art on the BSL-1K sign language recognition benchmark.

10.2 Related Work

Our approach relates to prior work on sign language recognition, translation, spotting, and

in particular automatic annotation of sign language data. We present a discussion of these,
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followed by a brief overview of Transformers in natural language processing (NLP) and works

in other domains using attention mechanisms for localisation.

Sign language recognition and translation. The computer vision community has a long
history of efforts to develop systems for sign language recognition, reaching back to the
1980s [371]. Initial work focused on hand-crafting features [ 129, ] to model discrimina-
tive shape and motion cues and explored their usage in combination with Hidden-Markov
Models [362, ]. These works were followed by approaches that employed pose estima-
tion as a basis for recognition [289, ]. The community later transitioned to employing
convolutional neural networks (CNNs) for appearance modelling [52]. In particular, the 3D
architecture, originally developed for action recognition [6 1], has proven to be effective for

sign recognition [ 13, , , , ]—we similarly employ this model in our work.

Continuous sign language recognition entails important challenges compared to isolated sign
recognition, including epenthesis effects and co-articulation [43] as well as the non-trivial
definition of temporal boundaries between signs [45]. Towards dealing with these problems,
[73] uses the CTC loss [159] to infer an alignment between sequence-level annotations and
visual input and introduces an auxiliary loss to use the alignments as pseudolabels; while [4&]
proposes a graph convolutional network to automatically segment large sign language video

sequences into short sentences, aligned with their subtitle transcription.

Recent works have applied sequence-to-sequence models to sign language translation. Camgoz
et al. [51] use a two-stage pipeline that translates a video into gloss sequences then those
into spoken language. Subsequent work [56] replaces this framework with a Transformer
model trained on frame-level features jointly for recognition and translation, while [55]
combines multiple articulators including face and upper body pose to train a translation system
without gloss annotations. These approaches [51, 55, 56] have shown improvements towards
translation in the restricted domain of discourse of the RWTH-PHOENIX-Weather-2014T
German Sign Language (DGS) dataset [51]. Ko et al. [214] train a sequence-to-sequence
model using keypoint features on Korean Sign Language translation. Although these methods
show promising results in constrained conditions, open-vocabulary sign language translation

in the wild remains largely unsolved.
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Figure 10.2: Pipeline: We use an I3D model pretrained on sign classification to extract spatio-temporal
visual features by using a sliding window. We then train a 2-layer Transformer model to predict stemmed
subtitles from the input video feature sequence. We use the learned model’s attention vectors to spot
new instances of signs by checking which words in the predicted hypothesis overlap with the stemmed
subtitle. For example, here the tokens “talk" and “armi”, found in the model’s hypothesis, also appear
in the subtitle and are therefore retained, while “know" does not and is hence discarded. The location
of a new spotting is determined by the index at which the corresponding encoder-decoder attention
peaks. Note: we omit the sample index, subscript ¢, shared by all variables (described in Sec. 10.3).

Automatic annotation of sign language data. Sign language datasets either offer isolated
gloss-level annotations of single signs, e.g., MSASL [201], WLASL [235], or are heavily
constrained in visual domain and vocabulary, e.g., RWTH-PHOENIX [51, 1, KETI[214]
(only 105 sentences). Large-scale continuous sign language datasets, on the other hand, are
not exhaustively annotated [ 14, ]. The recent efforts of Albanie et al. [14] scale up the
automatic annotation of sign language data, and construct the BSL-1K dataset with the help
of a visual keyword spotter [270, ] trained on lip reading to detect instances of mouthed
words as a proxy for spotting signs. Sign spotting refers to a specialised form of sign language
recognition in which the objective is to find whether and where a given sign has occurred
within a sequence of signing. It has emerged as an intermediate step to collect more annotated
sign language data. With this goal, Momeni et al. [27 1] use dictionary lookups in subtitled
videos and improve low-shot sign spotting. Other automatic annotation approaches include
an automatic pipeline for active signer detection and sign language diarisation [13]. While
these previous methods are context-free, in this work, we introduce a context-aware approach
that can be used to localise signs automatically. In fact, while we profit from annotations

obtained in prior works using mouthing cues [ 14] and dictionaries [27 1], our approach differs

considerably from theirs in method—we define the supervision directly on subtitles and
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formulate the problem as a sequence-to-sequence prediction task. We demonstrate the benefits

of our approach empirically in Sec. 10.4.

Transformers in NLP. Incorporating an attention mechanism into encoder-decoder archi-
tectures led to a revolution in neural machine translation [3 1] by reducing dependency on
strong text alignment. Vaswani et al. [384] further extended this approach by replacing all
recurrent and convolutional components of a sequence-to-sequence model with self-attention.
Even though such methods implicitly model source-to-target alignment with attention, their
primary focus is on translation performance, rather than word-alignment. [ 144] further studies
how to simultaneously optimise for accurate word-alignment without sacrificing translation

performance—we investigate a variant of their approach in Sec. 10.4.

Attention mechanisms for localisation. Cross-modal attention has been employed in the liter-

ature for various localisation problems such as visual grounding in videos [ 70, 248, 413, 427]
or images [104, ], keyword spotting in audio [344] or visual speech [270), ] and
audio-visual sound source localisation [22, , ]. However, to the best of our knowl-

edge, our work is the first to apply these ideas at large-scale to sign localisation from

weakly-aligned subtitles.

10.3 Sign Localisation with Attention

In this section, we describe how we train a Transformer model on a weakly-supervised
sign language sequence-to-sequence task and then use the trained model to perform sign

localisation (see Fig. 10.2 for an overview).

Let X denote the space of sign language video segments £, and 7 denote the space of subtitle
sentences. Further, let Ve = {1,...,V'} represent the vocabulary (an enumeration of spoken
language tokens that correspond to signs that can be performed in £) and let S denote a subtitled
collection of I videos containing continuous signing, S = {(x;,s;):i €{1,....1 },x; € Xg,s; €

T'}. Our objective is to localise potential occurrences of signs in S.
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Transformer training with subtitled videos. To address this task, we propose to train a
sequence-to-sequence model with attention. Given a video-subtitle pair (z;,s;) €S, we train a

Transformer [385] to predict the target text sequence s; = (s},57+- g dec

277,77,

) from the source video
sequence x; = (x},22,---x]°*), one token at a time. Specifically, the Transformer’s encoder
transforms z; into an encoded sequence enc(x;) = (e} ,¢2,---e°*). The decoder then attends on

79 ’L?

the encoded sequence and predicts the output sequence ;= (5},5? §1Td) auto-regressively,

299

factorising its joint probability into a product of individual conditionals:
p(8ilz) = [ p(8i|5].8757  enc(x;)). (10.1)

Using the target subtitles s; as the ground truth output sequences, we train the model to

maximise their log likelihoods by minimising the following loss:

L=—Eq, s)eslogp(si|z) (10.2)

Note that we assume access to a sparse collection of automatic sign annotations, N'= { (., v ) :
ke{l,..,K},vp € Ve, € Xe,3(4,8;) € Ss.t.xy C x;}, using mouthing cues [14] and
dictionaries [271]. In practice, we restrict the Transformer training on a subset of videos
54 C S, containing at least one of these annotations within the subtitle timestamps, formally
Sa={(Ta,8.):a €{1,....,.A},x, € Xe,I(xy,s1) €ENs.t.x, C x,}. This ensures approximate
alignment between the source video and target subtitle. For arbitrary sequences in S this is
not guaranteed due to imperfect synchronisation between subtitles (corresponding to audio)
and sign language interpretation. The goal of our training is therefore to exploit the knowledge
of the unannotated words in the subtitles in S4 in order to discover a new collection of (z,v)

sign-video pairs (that is not included in V) in the entire set S.

Localising new sign instances with attention. Next, we describe how we use the Transformer
model to look for new sign instances (see Fig. 10.2). After inputting the video sequence z;
into the trained model, we use a decoding strategy (e.g., greedy) to predict the output sequence
4; and corresponding attention vectors a; = (a},a? ---a; %) € RTdc*Tenc We iterate over the
predicted sequence $; and localise new sign instances only for the tokens predicted correctly

(i.e., appearing in subtitle s;); the video location is determined by the index at which the
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corresponding attention vector is maximised, to yield sets of (location, sign) pairs of the form:

{(argmax ey 5.7, 125(5),57) : 8; = sf,t € {1,2- Tee } }-

Implementation details. We represent the input video x; with features extracted using a
pretrained spatio-temporal convolutional neural network model, applied in a sliding window
manner with a 4-frame stride. In particular, we train an I3D architecture [6 1] on an extended
set of automatic annotations A/ that we obtain by combining the methods of [14] and [271],
to spot signs via mouthing cues and sign language dictionaries, respectively. We train with
a single-sign classification objective and follow the same hyperparameters (e.g., 16-frame
inputs) of the sign language recognition models in [14]. The 1024-dimensional video features

from I3D are used as input to the Transformer encoder.

To construct ground-truth text labels for our Transformer training, we stem the words in every
subtitle under the assumption that variations of a written word could map to the same sign.
We note that the many-to-many mapping between words and signs is a complex problem,
which we do not explicitly deal with in this work. To establish a tractable problem, we define
a vocabulary of 11,515 stems based on their frequency and occurrence within the automatic
annotations V. This is reduced from an original set of 40K words appearing in the full set of
subtitles S. We further remove stop words for which there is often no sign correspondence.
This approach resembles glossing sign language data, i.e., representing sign sequences with

word sequences, without spoken language grammar.

Following common practice in the sequence-to-sequence literature [385], we train the model
with teacher forcing [405], i.e. at every decoding step we provide the previous-step’s ground
truth as input to the decoder. During inference we experiment with three different decoding
strategies: auto-regressive greedy decoding, left-to-right beam search, and teacher forcing.
With greedy decoding, we iterate over the available sequences and for each one, we select as
new spottings all the words in the predicted hypothesis that appear in the reference subtitle. For
beam search, we iterate over the predictions which overlap with the reference from the multiple
returned hypotheses, and select for each predicted word the location with maximum attention
score. We show results for another variant of beam search where we choose the hypothesis with

the highest recall in the Appendix. With teacher forcing, we do not use the token predictions of
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the model, but only the attention scores, which we associate with the next ground-truth word in
the subtitle at every decoding step. Since we consider all words in the subtitles, this strategy pro-
vides good yield but no notion of the model’s confidence. In order to obtain a confidence score
we use the following heuristic: For every sequence, a word found in the subtitle is automatically

annotated if the attention peak for the corresponding decoding step is higher than a threshold 7.

When using Transformers with multiple attention heads, we obtain single attention scores
by averaging the attention vectors of the individual heads. In Sec. 10.4.3 we discuss results

on combining attention from different decoder layers.

10.4 Experiments

This section is structured as follows: We first present the datasets used as well as the various
training and evaluation protocols that we follow in our experiments (Sec. 10.4.1). Next, we
show how we choose our pretrained input video features (Sec. 10.4.2). Then, we evaluate our
Transformer models trained with these features and discuss different strategies for mining
new instances to obtain an automatically annotated training set (Sec. 10.4.3). We show that,
when adding our newly mined training samples, we outperform the previous state of the art
on sign language recognition (Sec. 10.4.4). Finally, we provide qualitative results on two

datasets (Sec. 10.4.5) and discuss limitations (Sec. 10.4.6).

10.4.1 Data and evaluation protocols

Datasets. We use BSL-1K [14], a large-scale, subtitled and sparsely annotated dataset (for a
vocabulary of 1,064 signs) of more than 1000 hours of continuous signing from sign language
interpreted BBC television broadcasts. The programs cover a wide range of genres: from
medical dramas and nature documentaries to cooking shows. In Sec. 10.4.5, we show qualitative
examples on the RWTH-PHOENIX [51] dataset, which is significantly smaller in size and

from weather broadcasts only, restricting the domain of discourse.
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TestReC [14] TestRee
2K inst. /334 cls. 37K inst. /950 cls.

per-instance per-class [per-instance per-class
Training #ann.|top-1 top-5 top-1 top-5itop-1 top-5 top-1 top-5

M[14]§ 169K|76.6 89.2 54.6 71.8(26.4 41.3 19.4 33.2
D 510K|70.8 84.9 52.7 68.1/60.9 80.3 34.7 53.5
M+D  678K|80.8 92.1 60.5 79.9/62.3 81.3 40.2 60.1

Table 10.1: A new recognition test set Test%‘}(c and an improved I3D model: We employ the method

of [271] to find signs via automatic dictionary spotting (D), significantly expanding the training and

testing data obtained from mouthing cues by [14] (M). We also significantly expand the test set by

manually verifying these new automatic annotations from the test partition (Testgféc Vs TestSRﬁg).

By training on the extended M+D data, we obtain state-of-the-art results, outperforming the previous
work of [14] and providing strong 13D features for the subsequent steps of our method. §The slight
improvement in the performance of [14] over the original results reported in that work is due to our
denser test-time averaging when applying sliding windows (8-frame vs 1-frame stride).

Transformer training and evaluation on Testl:9€. To form the video-subtitle training data
pairs, we sample 183K (S,4) out of 685K subtitles from the BSL-1K training set (S), in which
there exists at least 1 automatic annotation (with a confidence score above 0.7) from the annota-
tions collection NV. NV is formed by applying the method of [14] on a large vocabulary of words
beyond 1K to find signs via mouthing cues and applying the method of [271] to find signs via
automatic dictionary spotting. See the Appendix for details on this step. Subtitles originally con-
tain 9.8 words from the initial 40K words vocabulary on average, which is reduced to 4.4 words
per subtitle from the 11K stems vocabulary after stemming and filtering. Corresponding videos

are tightly extracted according to the subtitle timestamps, and are on average 3.52 seconds long.

For evaluating the localisation capability of the proposed method, we use the automatic
annotations  in the BSL-1K test set whose confidence scores are above 0.9, resulting in
7497 subtitle-video pairs with a total of 7661 annotations, referred to as Test%?c. We measure
the localisation accuracy for the annotated words in each subtitle and only on the correct
predictions: we consider a correct prediction to be also correctly localised if its predicted

location lies within 8 frames of the annotation time. We also report recall and precision of the

model’s predictions for each sequence by measuring the percentage of words in the subtitle
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that are predicted (recall) and the percentage of predicted words which appear in the subtitle

(precision). For all three metrics, we report the average over all sequences in the test set.

Single-sign recognition benchmark. In order to justify the value of our automatic annotation
approach with the Transformer model, we evaluate on the proxy task of single-sign recognition
on trimmed videos by using our localised sign instances from the training set as labels for
classification training. Similar to [14, 201, 235], we adopt top-1 and top-5 accuracy metrics

reported with and without class-balancing.

We use the BSL-1K manually verified recognition test set with 2K samples [14], which
we denote with TestR6C, and significantly extend it to 37K samples as TestRe¢. We do
this by collecting new annotations from human annotators using the VIA tool [ 14] with a
verification task as in [ 14]. This extended test set reduces the bias towards signs with easily
spotted mouthing cues (since we also include dictionary spottings [270]) and spans a larger
fraction of the training vocabulary, i.e. 950 out of 1064 sign classes (vs 334 classes in the

original benchmark TestREC of [14]).

10.4.2 Comparison of video features

We first conduct experiments to determine which I3D video features are best suited as input
to the Transformer model as described in Sec. 10.3. In Tab. 10.1, we demonstrate the
benefits of combining annotations from both mouthing (M) [14] and dictionary spottings
(D) [271]. We show that our sign classification training using 678K automatic annotations
obtains state-of-the-art performance on Test%?c, as well as our new and more challenging
test set Test3R7%C. We therefore use this M+D model for the rest of our experiments. Note
that all three models in Tab. 10.1 (M, D, M+D) are pretrained on Kinetics [0 1], followed by

video pose distillation as described in [14]. We observed no improvements when initialising

M+D training from M-only pretraining.

10.4.3 Mining training examples through attention

Next, we ablate different design choices for the Transformer model.
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Loc. Acc. (GD) Loc. Acc. (TF)
Tr. Recall Prec.|Att. layer 1/2/3 [avg] |Att. layer 1/2/3 [avg]
IL 15.8 364 65.9[65.9] 44.8 [44.8]

2L 16.5 37.2 63.9/57.8 [66.1] 51.1/37.6 [44.5]
3L 16.5 36.9|62.5/60.8/16.4[65.3]| 51.4/38.4/15.7 [46.4]

Table 10.2: Localisation performance of attention layers. We evaluate the performance of
Transformers on Test%?c for different number of encoder/decoder layers in the training (different rows).
We report the localisation accuracy for the encoder-decoder attention scores from every layer, as well
as the average over layers, for both teacher forcing (TF) and greedy decoding (GD) modes.

Which attention layer for sign-video alignment? Similarly to [144], we conduct an
investigation into which decoder layer gives attention scores that are more useful for localising
signs. We train three models, with 1, 2 and 3 encoder and decoder layers and report the
localisation accuracy when using the attention from each layer separately, or an average of
all layers. The results on Test%?C in Tab. 10.2 suggest that averaging the attention scores
over all layers gives the best localisation when using greedy auto-regressive decoding, while
using the attention scores from the first decoder layer works best with teacher forcing. We
note that this finding stands in contrast to those of [ 1 44] which concluded that the penultimate
layer works better for word alignment in a machine translation task. We conjecture that the
difference results from the different nature of the two domains, i.e., video versus text inputs.
In terms of precision and recall, all three models perform similarly with rates at 37% and 16%,
respectively. We continue with a 2-layer Transformer model for the rest of the experiments and

given the observations in Tab. 10.2, we use the layer-averaged attention with greedy decoding

and the first layer attention with teacher forcing.

Incorporating sparse annotations. As explained in Sec. 10.3, we make use of the available
sparse annotations A to restrict the training subtitles to those with at least 1 annotation.
When removing this constraint, the model does not train as well, and reaches a recall of

only 6.8% (vs 16.5%).

Here, we also report some of our findings by employing three additional strategies to improve

the Transformer training using the sparse annotations . In all three cases, we observe

no or minor gains (on Test%?c), at the cost of a more complex method and the need for
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annotations. Therefore, we do not integrate them in our final model and provide detailed

results in the Appendix.

Alignment loss on sparse annotations: We investigate whether the sparse annotations A could
be used for supervising the sign-video alignment explicitly (similar to [ 144] in NLP). To this
end, we define an additional loss that operates on the encoder-decoder attention to enforce a
high response whenever there is known location information. We achieve this via an additional
L2 loss term between a 1D gaussian centered around the annotated time frame and the corre-
sponding attention vector. While the localisation performance with teacher-forcing increases
(58.7% vs 51.1%), it still remains lower compared to the corresponding greedy decoding result

and we observe no significant gains for other metrics measured on the predictions.

Curriculum learning with sparse annotations: To provide warmup for the model training,
we start by temporally trimmed video inputs around known sign locations N'. We gradually
increase the number of annotations from 1 to 3, before we fully input the subtitle duration
to the Transformer. We only observe minor improvements: 16.0% vs 15.8% recall with

the 1-layer architecture.

Subtitle alignment through active signer detection and sparse annotations: To overcome the
alignment noise present in the data, we apply an algorithm that combines a pose-based active
signer detection [13] and the knowledge of sparse annotations /. Specifically, we apply
temporal shifts to subtitles such that their temporal midpoint aligns with the average time
of any annotated signs they contain. We then apply affine transformations to the subtitles
without annotations such that they fill the regions between those with annotations, subject to the
hard constraint that the expansions do not overlap periods of inactive signing. This approach
increases the amount of training subtitles with annotations to 230K; however, training with

this new set does not improve recall (15.4% vs 16.5% with 2-layers).

Which decoding mechanism? To form a new annotated set for sign recognition training,
we apply the trained Transformer models on the whole 685K training video-subtitle pairs
of the BSL-1K dataset. In Tab. 10.3 we summarise and compare the yield of new training

samples mined with the different decoding strategies we discussed in Sec. 10.3. We report
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#subtitles #ann. #ann. top-1  top-1

Spotting mode unannot. 11K 1K | per-inst per-cls
TF (> .2) 114K 290K 97K 22.2 4.7
TF(>.1) 408K 1.7M 545K 37.3 13.4
TF (>.05) 457K 2.3M 754K 38.7 14.4
TF (>.05) (align. loss) 457K 2.3M 757K 38.8 14.6
BS (10 best) 109K 329K 166K 496 227
GD (no subtitle filtering) 480K 1.4M 910K 50.6 226
GD (align. loss) 53K 188K 108K 53.6 24.8
GD 53K 188K 107K 539 247

Table 10.3: Automatically annotating the training data: We show the yield obtained from various
decoding strategies in terms of number of additional annotations (left). Training models only with
these annotations, we evaluate the recognition accuracy on Test3R76I§. Greedy decoding (GD) obtains
better results than teacher forcing (TF) even when not filtering the predictions against the ground-truth
subtitles. Neither including 10 best predictions from beam search (BS) nor using the model trained
with the alignment loss influences the recognition evaluation significantly.

the number of previously unannotated subtitles, for which the attention mechanism is able
to localise signs, to demonstrate the benefits of our approach. We also report the amount
of new annotations for both the full 11K vocabulary and the 1064-subset which is used for
the proxy recognition evaluation. We observe that a significant number of new automatic

sign annotations are obtained with our approach.

To compare the different decoding strategies, we train recognition models on the resulting
training sets containing the new annotations and evaluate them on the proxy sign recognition
task. Note that for faster training, we learn a 4-layer MLP architecture on top of the pre-

extracted I3D video features (architecture and optimisation details are given in the Appendix.

We observe that greedy decoding with the simple filtering mechanism (checking against ground
truth) gives best downstream recognition performance on Test}}f}{c. Teacher forcing, beam
search and no filtering all yield larger but noisier training sets that result in lower performance.
However, we note that the “no subtitle filtering” experiment assumes no access to ground-truth

subtitles during annotation mining and uses all the predictions, while providing competitive

recognition performance (50.6% vs 53.9%).
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per-instance per-class
Training  #ann. top-1 top-5 top-1 top-5
A 107K | 54.0%0%8  67.9%0-10 24 g+0.10 35 5020

M[14]+ 169K | 40.8%017  62,2%007 21 7+019 38 5+0.29
M+A 276K | 58.5%017  755+0.02 30 42004 45 9+026

D[271]t 510K | 62.1%024  §0.8*0-10 35714038 54 3+0.11
D+A 276K | 64.2*008 g1 7+0.07 36 (F0-26 54 ()£0.32

M+D 678K | 63.5F028 g2 1004 37 2£012 56 4+0.17
M+D+A 786K | 65.0011 82,6002  379+00T 56 3002

Table 10.4: Sign recognition on BSL-1K Test3R7‘}§: We evaluate our 4-layer MLP classification
models trained on video feature inputs for 1064-sign recognition for various training label sets:
mouthing (M), dictionary (D), and our proposed attention (A) spottings. We obtain state-of-the-art
results, by consistently improving over previous works when including our attention localisations. The
results are obtained from our MLP trained with the annotations from [ 14] and our application of [271].

10.4.4 Comparison with other automatic annotations

In this section, we train for sign recognition on BSL-1K [14] on various label sets, comparing
different automatic annotation methods and showing that our new sign instances are comple-
mentary when added to training data, achieving state of the art. As in the previous experiments,
we use the MLP architecture on frozen I3D features to compare the different annotation sets.
This time we perform 3 trainings per model with different random seeds and report the average
and standard deviation.

Tab. 10.4 summarises the results on Test?ﬁ(c. We first note that the MLP performance of
M-+D annotations matches and slightly outperforms that of I3D from Tab. 10.1 (63.5% vs
62.3%), validating the suitability of MLP for efficiently comparing annotation set quality.
When compared to the visual keyword spotting through mouthing (M) [ 4], our automatic
attention localisations (A) show significant improvements. Furthermore, we observe consistent
improvements when combining our new annotations with either the mouthing (M+A) or
dictionary (D+A) annotations. Combining all available annotations (M+D+A), we achieve
state-of-the-art performance (65%) outperforming previous work of [ 14] (M: 40.8%), as well

as a new much stronger baseline (D: 62.1%) that we establish in this work, which uses the

new annotations obtained using sign language dictionaries for sign spotting [271]. Our final
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Figure 10.3: Qualitative analysis on the RWTH-PHOENIX: We show example sign localisation
results on the test set of RWTH-PHOENIX 2014T. For each video clip, we show the ground-truth
sentence as well as the predicted words from the Transformer model of [56] which overlap with the target
sentence. We plot attention scores over time frames for these predicted words and show the frame index
at which the corresponding attention vector is maximised for a subset of the correctly predicted words.

recognition model can be interpreted as distilling information from multiple sources (mouthing,
dictionary, attention), each of which has access to a large training set.

We also evaluate the performance of our MLP trained on M+D+A annotations on the
BSL-1K sign spotting benchmark proposed by [14], following their protocol, and achieve
a score of 0.174 mAP, outperforming the previous state-of-the-art performance of 0.170

mAP [271] and 0.159 mAP [14].

10.4.5 Qualitative analysis

We demonstrate the potential of our Transformer model to localise sign instances through its
attention mechanism. Fig. 10.4 shows qualitative examples of localising multiple signs, by
plotting attention scores over video time frames for predicted words that occur in corresponding
subtitles of the BSL-1K test set (Test%?c). We observe close alignment with the automatic
annotations /. One potential limitation of this approach for localisation is that the attention
vector does not peak only at the corresponding sign location, but also on other signs suggesting

that the predictions use context (e.g., “smell” and “sweet” in Fig. 10.4, top-left).

We also investigate whether this localisation ability extends to other datasets. In particular,
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GT: (original) “Tt smells sweet here absolutely smells sweet here” GT: (original) “But my concern would be fish and chips we all love it”
GT: (stemmed) “smell sweet absolut smell sweet” GT: (stemmed) “concern would fish chip love”

Pred: “chip fish” !

GT: (original) “T never use less than five different types of fish”™
GT: (stemmed) “never use five differ type fish”
Pred: “never use fish”

(stemmed) “mr expect see”
e expect test”

Aaa ,_/\/*—/\\N/\/\‘/\/\-’\

GT: (original) “When I lived in a city, winter I could see had no purpose” GT: (original) “Yeah absolutely, and we were talking about his army days”
GT: (stemmed) “live citi winter could see purpos” GT: (stemmed) “absolut talk armi days”
Pred: “live citi winter” Pred: “talk armi know”

S

— N

Figure 10.4: Qualitative analysis on BSL-1K: We show example sign localisation results on the
BSL-1K test set (Test%?c). For each video clip, we show the original subtitle, the ground-truth stemmed
and filtered to 11K vocabulary version, and the prediction of our Transformer model. We plot attention
scores over time frames for the predicted words which overlap with the subtitle and for which we
have annotated sign times in N (shown by vertical dashed lines). We highlight the frame at which
the corresponding attention vector is maximised.

we reproduce the translation method of Camgoz et al. [56] on RWTH-PHOENIX 2014T [51]
and similarly to [51], we visualise the attention score plots for predicted words in Fig. 10.3.
We are unable to compute the localisation accuracy as sign annotation times are not available
for RWTH-PHOENIX 2014T; however, we observe correct signs when indexing the frame at

which the corresponding attention vector is maximised. This suggests that alignment emerges

from the attention mechanism also for a full translation system.

10.4.6 Discussion

From our investigations in this work, we believe there are important and challenging problems
to be solved before achieving large-vocabulary sign language translation from videos to spoken
language. First, significantly expanding the coverage of the vocabulary of both languages is

necessary, and the current state of the art only covers about 3K spoken language and 1K sign lan-
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guage vocabularies [56]. In preliminary experiments, we found that a direct application of [56]
to translation on the significantly broader vocabulary of 40K contained within the subtitles
of BSL-1K failed to converge to meaningful results (for more details see the Appendix). In this
work, we have extended to an 11K spoken language vocabulary, but the NLP literature typically
works with much larger vocabularies (e.g. a few hundred thousand words [99]). Our attempts
to move to 40K words did not obtain sufficient-quality results. Second, the alignment between
text and video is far from perfect in large-scale sign language datasets which inserts significant
amount of noise in training. Our automatic alignment attempts in this work did not obtain
improvements. Relying on sparse annotations for approximate alignments limits the amount
of data. Third, most of the works, including ours, focus on interpreted data, which has certain
biases. In fact, the act of interpreting can cause a simplification in signing style and vocabulary,
and even lead to a reduction in speed for comprehension [43]. Datasets of native signers should
be built to train strong, robust models that generalise at scale and in the wild. Given these ob-
servations, we believe that future work that specifically targets translation systems will benefit

from addressing these challenges. We refer to the Appendix for a discussion of broader impact.

10.5 Conclusions

We have presented an approach to localise signs in continuous sign language videos with
weakly-supervised subtitles by leveraging the attention mechanism of a Transformer model
trained on a video-to-text sequence prediction task. We find that state-of-the-art translation
models have very low recall on a large-vocabulary dataset, but a satisfactory localisation
accuracy through attention that allows us to annotate sign timings. We automatically annotate
hundreds of thousands of new signing instances through our learned attention and validate
their quality by using them to train a sign language recognition model that surpasses the state
of the art on the BSL-1K benchmark as well as a more robust sign language benchmark which
is 18 times larger. Future work can leverage our automatic annotations and recognition model

for large-vocabulary sign language translation.

Appendices
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Appendices for this chapter can be found in the online version of the paper. 2

Statement of authorship

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

The goal of this work is to temporally align asynchronous subtitles in sign language videos. In
particular, we focus on sign-language interpreted TV broadcast data comprising (i) a video of
continuous signing, and (i1) subtitles corresponding to the audio content. Previous work exploit-
ing such weakly-aligned data only considered finding keyword-sign correspondences, whereas
we aim to localise a complete subtitle text in continuous signing. We propose a Transformer ar-
chitecture tailored for this task, which we train on manually annotated alignments covering over
15K subtitles that span 17.7 hours of video. We use BERT subtitle embeddings and CNN video
representations learned for sign recognition to encode the two signals, which interact through a
series of attention layers. Our model outputs frame-level predictions, i.e., for each video frame,
whether it belongs to the queried subtitle or not. Through extensive evaluations, we show
substantial improvements over existing alignment baselines that do not make use of subtitle text
embeddings for learning. Our automatic alignment model opens up possibilities for advancing
machine translation of sign languages via providing continuously synchronized video-text data.

Published in the proceedings of the International Conference on Computer Vision (ICCV) 2021.

11.1 Introduction

Sign languages constitute a key form of communication for Deaf communities [366]. Our
goal in this paper is to temporally localise subtitles in continuous signing video. Automatic
alignment of subtitle text to signing content has great potential for a wide range of applications

including assistive tools for education and translation, indexing of sign language video corpora,
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Overlooked by a small hill known as Leopard the mother must make sure
ock.

Saudio | Rock o keep her cubs alive in this dangerous neighbourhood, ¢ MRS

Sert Overlooked by a small hill known as Leopard Rock. the mother must make sure they stay hidden. To keep her cubs alive in this dangerous neighbourhood,
Time
14:12 14:14 14:16 14:18 14:20 14:22 14:24 14:26 14:28 14:30

Figure 11.1: Subtitle alignment: We study the task of aligning subtitles to continuous signing in sign
language interpreted TV broadcast data. The subtitles in such settings usually correspond to and are
aligned with the audio content (top: audio subtitles, Sg,4i,) but are unaligned with the accompanying
signing (bottom: Ground Truth annotation of the signing corresponding to the subtitle, Sy;). This is
avery challenging task as (i) the order of subtitles varies between spoken and sign languages, (ii) the
duration of a subtitle differs considerably between signing and speech, and (iii) the signing corresponds
to a translation of the speech as opposed to a transcription.

efficient subtitling technology for signing vloggers', and automatic construction of large-scale

sign language datasets that support computer vision and linguistic research.

Despite recent advances in computer vision, machine translation between continuous signing
and written language remains largely unsolved [43]. Recent works [54, 56] have shown
promising translation results, but to date these have been achieved only in constrained settings
where continuous signing is manually pre-segmented into clips, with each clip associated to
a written sentence from a limited vocabulary. Two key bottlenecks for scaling up translation
to continuous signing depicting unconstrained vocabularies are (i) the segmentation of signing

into sentence-like units, and (ii) the availability of large-scale sign language training data.

Manual alignment of subtitles to sign language video is tedious — an expert fluent in sign
language takes approximately 10-15 hours to align subtitles to 1 hour of continuous sign
language video. In this work, we focus on the task of aligning a particular known subtitle
within a given temporal signing window. We explore this task in the context of sign language
interpreted TV broadcast footage —a readily available and large-scale source of data— where the
subtitles are synchronised with the audio, but the corresponding sign language translations are
largely unaligned due to differences between spoken and sign languages as well as lags

from the live interpretation.

Subtitle alignment to continuous signing remains a very challenging task. First, sign languages

have grammatical structures that vary considerably from those of spoken languages [366],

!'Unlike spoken vlogs that benefit from automatic closed captioning on sites such as YouTube, signing vlog
creators who wish to provide written subtitles must both translate and align their subtitles manually.
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and as a result the ordering of words within a subtitle as well as the subtitles themselves is
often not maintained in the signing (see Fig. 11.1). Second, the duration of a subtitle varies
considerably between signing and speech due to differences in speed and grammar. Third,
the signing corresponds to a translation of the speech that appears in the subtitles as opposed
to a transcription: there is no direct one-to-one mapping between subtitle words and signs

produced by interpreters, and entire subtitles may not be signed.

Previous work exploiting such weakly-aligned data has mainly focused on finding sparse
correspondences between keywords in the subtitle and individual signs [14, , ], as
opposed to localising the start and end times of a complete subtitle text in continuous signing.
Though, as we show, localising isolated signs identified by keyword spotting nevertheless
forms a useful pretraining task for full subtitle alignment. Most closely related to our work,
Bull et al. [48] consider the task of segmenting a continuous signing video into subtitle units
purely based on body keypoints. In fact, similarly to speech which can be segmented based
on prosodic cues such as pauses, sign sentence boundaries can to an extent be detected through
visual cues such as lowering the hands, head movement, pauses, and facial expressions [ 127].
However, as shown in our evaluations in Sec. 11.4, such approaches based on prosody-only
perform poorly in our setting, where subtitles do not necessarily correspond to complete

sign sentences with clear visual boundaries.

In this paper, we instead propose to use the subtitle text as an additional signal for better
alignment. We make the following three contributions: (1) we show that encoding the subtitle
text as input to the alignment model significantly improves the temporal localisation quality as
opposed to only relying on visual cues to segment continuous sign language videos into subtitle
units; (2) we design a novel formulation for the subtitle alignment task based on Transformers;
and (3) we present a comprehensive study ablating our design choices and provide promising

results for this new task when evaluating on unseen signers and content.
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11.2 Related Work

For a recent comprehensive survey about sign language recognition and translation, see [215].
Here, we review relevant works on temporal localisation at the levels of individual signs and

sequences, in addition to more general temporal alignment methods from the literature.

Temporal localisation of individual signs. A rich body of work has considered the task of
localising sparse sign instances in continuous signing, often referred to as “sign spotting”. Early
efforts using signing gloves [243] were followed by methods employing hand-crafted visual
features to represent the hands, face and motion that were integrated with CRFs [4 16, 1,
HMMs [332] and HSP Trees [291]. Several studies have sought to employ subtitles as
weak supervision for learning to localise and classify signs, using apriori mining [95] and
multiple-instance learning [46, 47, ]. More recent work has leveraged cues such as
mouthings [14] and visual dictionaries [271] and by making use of deep neural network
features with sliding window classifiers [237] and attention learned via a proxy translation
task [383]. In deviation from these works, our objective is to localise complete subtitle

units, rather than individual signs.

Temporal localisation of sign sequences. The alignment of subtitles to continuous signing
was considered in creative early work by combining cues from multiple sparse correspon-
dences [ 1 24], but under the assumption that ordering of words in subtitles are preserved in the
signing (which does not hold in our problem setting). Other sequence-level sign language tem-
poral localisation tasks that have received attention in the literature include category-agnostic
sign segmentation [ 123, ], active signer detection [42, 75, , ] and diarisation [ 13, ,

]—each considers a temporal granularity that differs from subtitle units. Most closely re-
lated to our work, Bull et al. [4 8] employ a keypoint-based model to segment continuous signing
into sentence-like units without knowledge of the written subtitles during inference. Our ap-
proach relaxes this assumption and considers instead the practical scenario in which we assume

access to the written subtitle to be aligned. We compare our approach with theirs in Sec. 11.4.

Continuous sign language recognition. Hybrid models coupling CNNs with HMMs [219,

], attention mechanisms [192] and CTC losses [53, 73] have been studied for continuous
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Subtitle text

“The souffle is just a little bit of
work but it's really worth it.”

Transformer Encoder frame not in subtitle
frame in subtitle

BERT
Linear

Continuous signing video
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Figure 11.2: SAT model overview: We input to our model (i) token embeddings of the subtitle text
we wish to align, (ii) a sequence of video features extracted from a continuous sign language video
segment and (iii) the shifted temporal boundaries of the audio-aligned subtitle, S;.;or. Using these
inputs, the model outputs a vector of values between 0 and 1 of length T'. Its first and last values above a
threshold 7 delimit the predicted temporal boundaries for the query subtitle. The location of the subtitle
with respect to the window is represented in dashed yellow.

sign language recognition, with recent extensions to sequence-to-sequence models [54]
and Transformers [56, ] to tackle the task of sign language translation. These models
produce either implicit or explicit alignments over a signing sequence corresponding to a
sentence. However, these approaches have only been demonstrated to work on pre-segmented

sentences of signing [54].

Aligning bodies of text to video. The Dynamic Time Warping (DTW) algorithm [278] has
been applied to the problem of aligning sequences of movies to transcripts [121, ] and
plots synopses [374] using cues such as character recognition and subtitle content. It has
also been successfully applied to the problem of aligning generic text descriptions against
untrimmed video [41]. While effective, these methods require the preservation of sequence
ordering across modalities, which does not hold in our problem setting. We nevertheless
show in Sec. 11.3 how DTW can be used as a secondary stage of processing that resolves
conflicting local alignments on the re-ordered subtitle prediction timings via a global objective.
The fixed ordering assumption is relaxed by the work of [375], which aligns book chapters
to video scenes. Their approach, however, which works through matching sparse character
identifications against specific shots, is not applicable in our setting where shot boundaries

do not provide a natural segmentation of the signing content.

Natural language grounding in videos. Our work is also related to the task of natural language

grounding, which aims to locate a temporal segment within an untrimmed video sequence
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corresponding to a given natural language query. Existing methods have considered two-stage
propose and rank approaches [ 139, , , ], iterative grounding agents trained with
reinforcement learning [ 173, ] and single-stage regression models [70, , , ].
Our proposed subtitle alignment task differs from natural language grounding in three ways:
(1) The signing content is more fine-grained—the visual appearance of a signing sequence
remains very similar across frames, necessitating nuanced recognition of body dynamics; (i1)
Differently from language grounding, each subtitle to be aligned comes with its own reference
location, providing an instance-specific prior over the start time and duration. As we show
in Sec. 11.4, our effective use of this reference is important to achieving good performance,
and our model is specifically designed to take advantage of this cue; (iii) Subtitles occupy
mutually exclusive temporal regions, a property that we further exploit to improve alignment

quality, but that does not hold in general for natural language grounding.

11.3 Method

In this section, we describe our Transformer-based subtitle alignment model operating on
a single subtitle and a short video segment (Sec. 11.3.1), our pretraining on sparse sign
spottings (Sec. 11.3.2), and our final step that globally adjusts multiple subtitles in a long

video using DTW (Sec. 11.3.3).

Problem formulation. As inputs to the model, we provide (i) token embeddings of the
subtitle text we wish to align to signing, (ii) a sequence of video features extracted from
a continuous sign language video segment, as well as (iii) prior estimates of the temporal
boundaries for the given query, which we refer to as S,,;,-. The latter is provided as an
approximate location and duration cue of the signing-aligned subtitle. Using these inputs, we
predict a binary vector of the same length as the video features, where a consecutive sequence

of 1s denotes the temporal location of the subtitle.
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11.3.1 Subtitle Aligner Transformer

The core of our model is a Transformer [386], as shown in Fig. 11.2, which we refer to as
Subtitle Aligner Transformer (SAT). In contrast to the common approach of feeding video
frames as input to the encoder [59, 106], we input the video frames to the decoder side in order
for the model to learn the association between the frame-level features and the output vector
of the same duration. We first describe the structure of the Transformer, and then the text and

video feature extraction. Additional implementation details are provided in the Appendix.

Encoder. The input to the encoder is a sequence of text embeddings corresponding to the
subtitle we wish to align. Positional encodings are not used on the encoder side of the
Transformer since the text embeddings (see below) already contain positional information. The
encoder is a stack of Transformer layers, each containing a multi-head attention mechanism

followed by a feedforward network and embedding dimensionalities of size d,,,qe;-

Decoder. The decoder is a stack of Transformer layers that attend on the encoded sequence.?
The input to the decoder consists of a sequence of video features encoding the visual signing
information from the video, as well as a binary vector representing a prior estimation of the
location of the signing-aligned subtitle (S,,;). Positional encodings are added to the decoder
input in order for the model to exploit the temporal ordering of the signing. The final layer of
the model is a linear layer with a sigmoid activation which outputs 7" predictions in the range
[0,1] one for each video frame. Values of this output vector, S,,.q4, that are above a threshold

7 correspond to the predicted temporal location of the queried subtitle text.

Text features. Each subtitle is encoded using a BERT [107] model pretrained on a large text
corpus with a masked language modelling task, to produce a sequence of 768-dimensional
vectors, one for each token in the sentence. To match the input dimension of the encoder

Transformer, these embeddings are first linearly projected to d,,oqe;-

Video features. The visual features are 1024-dimensional embeddings extracted from the

I3D [61] sign classification model made publicly available by the authors of [383]. The

Note: There is no auto-regression.
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features are pre-extracted over sign language video segments. A visual feature sequence

of length 7' is used as input to the model.

Prior position encoding. Besides the video features, the input to the decoder also includes
a subtitle timing estimate as a prior position and duration cue. This prior estimate is encoded
as a binary vector of length 7', where 1 indicates that the associated video frame is within the
temporal boundaries of the subtitle, and 0 otherwise. The video and prior inputs are fused
via concatenation before being passed as input to the decoder. Before the concatenation both
inputs are linearly projected to the same dimension. The fusion output is finally projected

to d,noder in order to be input to the Transformer decoder.

Training objective. The model is trained with a binary cross entropy loss between the predicted

vector and the ground truth S, of the signing-aligned subtitle within the video segment:

1 T
L= _Tzsgtlogsfwed_‘_(l _S;t)log(l _Sgtared)'
t=1

11.3.2 Word pretraining with individual sign locations

SAT is designed for alignment of subtitles to video signing streams. However, the same
architecture can be used without any alterations to align smaller text units, e.g. single words.
Given that we have access to sparse sign annotations from mouthings [14] and dictionary ex-
emplars [271], we can use these to initialise the model weights and incorporate this knowledge
via a potentially easier single-sign spotting task. We obtain timings of the sparse word-level
annotations and assume a fixed single-second width as the precise sign boundaries are not
available. The model is then trained to spot the single sign occurrence within a video window

of size T'. In our experiments, we demonstrate the advantages of such a pretraining strategy.

11.3.3 Global alignment with DTW

Our model does not take into account global information from the length of the video (e.g. 1-
hour), rather it looks for signing associated to a given subtitle within a short temporal window 7T’

(e.g. 20-seconds). Hence, there may be overlaps between predictions for different subtitles; we
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resolve these overlap conflicts using DTW [278]. We find an order-preserving global alignment
from all elements of a sequence of video frames to all elements of sequence of subtitles,

maximising the sum of sigmoid outputs of our model in our cost function for each subtitle query.

As DTW aligns all frames in a video sequence to subtitles, we select all frames of the signing
video which are likely to be associated with subtitle queries. Specifically, we select all frames
associated to an output score over Ty,,. In the case where our model outputs only values below

Ty fOr a particular subtitle, we instead select all frames within the prior location S0,

We order the subtitles by the mid-point of their predicted temporal location. This allows the
predicted subtitles to follow a different order to the original subtitles, because the order of
phrases in the sign language interpretation does not necessarily follow the order of phrases

of the written English subtitles (see the Appendix for further details).

We construct a cost matrix of dimension (i) the number of frames by (ii) the number of subtitles,
and with entries of 1 — p;;, where p;; is the sigmoid output corresponding to frame ¢ with
subtitle j as the encoder input. We apply the DTW algorithm to this cost matrix of aligning
video frames to subtitles. This maximises the overall sum of the sigmoid outputs of the model

under the ordering and allocation constraints of DTW.

If not otherwise mentioned, our full SAT model uses DTW postprocessing.

11.4 Experiments

In this section, we first give implementation details (Sec. 11.4.1) and describe the datasets and
evaluation metrics used in this work (Sec. 11.4.2). We then compare the results of the proposed
SAT model against strong baselines (Sec. 11.4.3) and present a series of ablation studies
(Sec. 11.4.4). Next, we demonstrate the performance of our model on an additional dataset

(Sec. 11.4.5). Finally, we provide qualitative results and discuss limitations (Sec. 11.4.6).
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11.4.1 Implementation details

Architecture. For both the encoder and the decoder we use 2 identical Transformer layers

with 2 heads and size d,,,q4.,; = 512 each.

Backbone pretraining. The 13D model is pretrained to perform 1064-way classification
across the sign spotting instances with mouthings [ 4] and dictionary exemplars [27 1] (further
details can be found in [383]). The model is then frozen and used to densely pre-extract visual

features with stride 1 over the clips of the datasets.

Prior input selection. As the prior estimate input S, we use the temporal location of the
audio-aligned subtitle S,,,4;, shifted by +3.2 seconds. This value, which we denote with S} ;. .

corresponds to the average temporal shift between the audio-aligned subtitles S, 4, and the

ground truth subtitles S,; in our training data (see Fig. 11.3a).

Search windows. During training, we randomly select a search window of 20 seconds around
the location of the ground truth subtitle S, select the densely extracted video features for
this window, and temporally subsample them by a factor of 4. All videos are sampled at 25
FPS, therefore this results in 7'= 125 frames. During testing, we select a search window of

the same length centered around the shifted subtitle location S ;...

Text augmentation. During training, we augment the text query inputs randomly to reduce

overfitting: For 50% of the samples, we shuffle the word order and add or delete up to two words.

Hyper-parameters. We set thresholds 7 to 0.5, 74, to 0.4. Further details are provided

in the Appendix.

11.4.2 Data and evaluation metrics

BSL-1K /i gneq is a subset of BSL-1K [ 14] which we manually annotated for subtitle alignment.
The subset contains 24 episodes covering a number of different television programmes
(cooking, nature, travel and reality shows), corresponding to 17.7 hours of BSL content

of 3 different signers with 16K subtitles. The subtitles were originally aligned to the audio,
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Figure 11.3: Sy; vs. Squdio: We plot the distribution of temporal shifts between ground-truth (S4;)
and audio-aligned (S,.4i0) subtitles on the training split of the BSL-1K ;4,4 dataset by showing the
differences in subtitle (a) start times and (b) duration. We observe the difficulty of the subtitle alignment
task: (i) there is no fixed shift between ground-truth and audio-aligned subtitle timings, and (ii) the
subtitle duration varies between spoken and signed languages.

#vids. #hours #subs #inst. Vocab. (0]0)Y
Train 20 144 13.8K 128.1K 8.6K \
Test (total) 4 33 2.0K 18.6K 2.8K 726
SIgNeTseen, SENICseen 1 0.7 648 6.1K 1.3K 188
SIgNeTseen, SENICynseen 1 0.9 465 4.1K 1.0K 233
SIgNerynseen, EENICseen 1 0.7 506 5.6K 1.1K 99
SIgNeTynseen, EENICypseen 1 1.0 360 2.8K 882 234

Table 11.1: BSL-1K ;;,,cq: number of videos, hours, subtitles, word instances, vocabulary size and
number of out-of-vocabulary (OOV) words.

#vids. #hours #subs #inst. Vocab. (0]0)Y
Train 191 22.9 33.7K 261.5K 7.5K \
Val 15 1.5 2.6K 18.1K 1.8K 196
Test 21 2.6 3.8K 27.3K 2.4K 369

Table 11.2: BSL Corpus: number of videos, hours, subtitles, word instances, vocabulary size and
number of out-of-vocabulary (OOV) words in the dataset’s splits.

but we have manually aligned them to the signing. The unaligned subtitles (i.e. those that are
synchronised with the audio track, rather than the signing) differ from the signing-aligned
subtitles in both start time and duration. In particular, Fig. 11.3, shows that there is no fixed
shift or temporal scaling that can be applied to transform audio-synchronised subtitles to their

signing-aligned counterparts. We note that the differences exhibit an approximately Gaussian
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distribution, with the exception of an accentuated peak at O in Fig. 11.3b—if the duration of
the subtitle is approximately correct, annotators tend not to further refine the boundaries. The
subtitles cover a total of 147K word instances for a vocabulary size of 9.4K in spoken English.
We divide the data into 20 training episodes and 4 test episodes. The test episodes are chosen
to evaluate the alignment model in different settings: seen/unseen signer and seen/unseen
programme genre (which affects the number of out-of-vocabulary words) as shown in Tab. 11.1.
The manual alignment of subtitles to signing content for the 24 episodes was performed over

approximately 200 hours by native BSL annotators using the open-source VIA tool [114].

BSL Corpus [334, ] is a public dataset of videos of deaf signers gathered from several
regions across the UK and accompanied by a variety of linguistic annotations. For our task,
we employ the FreeTranslation annotation tier, which provides written English subtitles to
accompany portions of the Conversation and Interview subsets of the corpus. In total, the
annotations cover a total of 227 videos after cropping to include a single signer. Of these, 141
are sourced from the Interview subset and 86 videos are sourced from the Conversation subset.
For consistency with prior work, we follow the train, validation and test partition employed
by [14, 319]. However, since this partition does not fully span the dataset, we add any dataset
instances that were not present in the partition to the training set. Dataset statistics on the
resulting train, validation and test partition, including the total number of hours, subtitles and
vocabulary spanned by the data, are given in Tab. 11.2. Unlike BSL-1K, the subtitles in this
dataset are aligned to signing, and the translation direction is from sign language to English.

We therefore simulate unaligned data by perturbing the subtitle locations in our experiments.

Evaluation metrics. We consider two main evaluation metrics: (i) frame-level accuracy, and
(1) F'1-score. For the F'1-score, hits and misses of subtitle alignment to sign language video are
counted under three temporal overlap thresholds (IoU € {0.1,0.25,0.50}) between predicted

Spreqd and manually aligned S, subtitles, denoted as F1@.10, F1@.25, F1@.50, respectively.
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11.4.3 Comparison to baselines

Simple temporal shift baseline (S’ .. ). As a first baseline we use the shifted audio-

audio

+
audio®

aligned subtitles S

Prosodic cues baseline (Bull et al. [48]). We compare to the state of the art on subtitle-unit
segmentation, which is a model based on 2D body keypoints. In contrast to our framework,
this method only uses visual prosodic cues and does not use semantic information from the
query subtitle. It has been trained on a large-scale sign language corpus with aligned subtitles,
and the pretrained model is public. The model consists of ST-GCN [415] and BiLSTM layers
and segments sign language video into subtitle units. However, this is a different task than

alignment, i.e. segments have no correspondence to subtitles. To obtain an association from

+

o udio tO a subtitle-unit

each predicted segment to a subtitle, we align the shifted subtitles S

segmentation of [48] using DTW, where the cost of alignment is the temporal distance.

Heuristic baseline based on sparse sign spottings. Inspired by previous works that ap-
proached the alignment task through sparse correspondences [ 1 24], we implement a heuristic
approach to align the subtitles using a combination of sign spotting and active signer detection.
Sign spotting, performed by [14, ], searches in the temporal vicinity of each audio-
synchronised subtitle (the search window is constructed by padding the original subtitle by four
seconds at each end) for individual sign instances corresponding to words that appear in the sub-
title. From these sparse sign localisations, we perform subtitle alignment in four stages. First,
we segment the episode into sequences that contain active signing, following [ 1 3]. Second, for
any subtitle containing words that were spotted in the signing (assigned a posterior probability
of 0.8 or greater by the model of [271]), we shift the subtitle such that its centre falls on the mean
position of the spotted signs. Third, we transform all subtitles without spottings by affine trans-
formations such that they fall within the “gaps” between those subtitles that contained spotted
signs, while preserving ordering (we use one such transformation per gap). Finally, we expand
the duration of subtitles locally (applying a single scaling factor to each subtitle) in left to right

ordering, such that they maximally fill the active signing segments predicted by the first stage.
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Method frame-acc F1@.10 F1@.25 F1@.50
Saudio 44.67 45.82 30.51 12.57
r udio 60.76 71.69 60.74 36.10
Sign-spotting heuristics 61.71 69.23 59.60 36.04
Bull et al. [48] 62.14 73.93 64.25 38.16
SAT (random subtitle) 65.52 70.30 60.36 40.04
SAT w/out DTW 65.81 74.32 64.69 41.27
SAT 68.72 77.80 69.29 48.15

Table 11.3: Comparison to baselines: We show significant improvements by training a Subtitle
Aligner Transformer (SAT) over several baselines. Moreover, randomly shuffling subtitles obtains
poor performance, demonstrating that our model does indeed rely on token embedding, and does not
simply learn prosodic cues to align the subtitles. We obtain a further boost by correcting the overlaps
of our predicted subtitles using DTW.

A comparison of our model to the above baselines is given in Tab. 11.3. The simple temporal
shift baseline and the heuristic baseline based on sparse sign spottings perform similarly,
but are a significant improvement over the non-shifted subtitles S,,,4;,. Using prosodic cues
through the model of [48] results in a slight improvement over these two baselines. Our model
significantly outperforms all baselines by exploiting the subtitle text to find the associated
video segment. Indeed, when providing random subtitle text during training, our model
fails to outperform baseline F1 scores. Using DTW to resolve overlaps in predicted

subtitles boosts our model performance.

A breakdown of our results by test episode is provided in Tab. 11.4. Our model tends to result

+

in larger improvements over the S}, ;.

baseline for signers seen in the training episodes, but

still outperforms the S}, baseline for unseen signers in unseen genres. More training data

would be needed to better generalise to unseen signers.

11.4.4 Ablation study

We ablate the effects of inputting the prior estimate S0, = Sy, 4, to the model, the size of the

audio

search window, modifying the text input to the encoder, pretraining on sign localisation and

alternative model formulations. Some additional ablations are presented in the Appendix.
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Test episode
signer genre Method frame-acc F1@.10 F1@.25 F1@.50
seen seen St .o 45.48 66.92 55.02 31.84
SAT 60.23 77.74 68.47 49.00
seen unseen S} o 64.31 74.84 64.73 34.19
SAT 72.56 81.29 74.19 52.47
unseen seen St .o 56.30 80.79 69.70 44.95
SAT 63.68 80.32 72.40 52.82
unseen unseen St .. 71.84 63.29 53.16 33.76
SAT 74.93 69.76 59.92 34.32
Table 11.4: Performance breakdown by test episode: Our model improves upon the SY, ..~ baseline

for all the combinations of seen/unseen for signer and genre. The improvements however are greater
in the test episodes where the signer has been seen during training.

Knowledge of S,,;,,. We experiment with several versions of inputs as additional information
to the alignment task. Tab. 11.5 summarises the results. We first observe a significant drop
in performance when S,,,.;, is not provided (48.15 vs 30.66 F1@.50), suggesting that the
position and duration of the corresponding audio content allows an approximate localisation
cue, enabling the model to refine this via a series of attention layers. Inputting the 3.2 seconds
shifted subtitle timings (S,,ior = S,4i,) Performs better than inputting the audio-aligned
subtitle timings (Syrior = Saudio)- Moreover, we carry out two additional experiments to
investigate whether this cue provides a position prior or a duration prior. First, we always input
the subtitle timing centred with respect to the search window. The poor performance of this
model suggests the importance of the position. Second, we preserve the shifted location, but

randomly change the input subtitle duration at training time by up to 2s. This slightly reduces

the performance, therefore duration cues seem less essential for the model than location cues.

Size of the search window 7. In Tab. 11.6, we report the performance against different choices
for input duration 7" We conclude that larger search windows generally improve performance,
at the cost of computational complexity. This might be due to increased supervision, since with
larger windows the training sees more negative examples, as well as due to better coverage at
test time. A too short window size inhibits recovery of the correct location, if the correct location

falls outside of the window boundaries. In all our experiments, we use 20-second windows.
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Additional input frame-acc F1@.10 F1@.25 F1@.50
w/out Saudio 6137  59.03 4935  30.66
W/ Saudio 6781 7469 6653  45.10
w/ St . 3.2-sec shift 6872 7780  69.29  48.15

W/ Squdio CENLrE position 61.40 58.07 51.13 35.01
w/ ST . rand. duration 68.61 75.10 66.84 46.72

audio

Table 11.5: Inputting S, variants: Without information on the approximate position and duration
of the subtitle, our model fails to improve upon our baseline methods. In particular, when setting the
input S;,;o- to be systematically in the centre of the search window and with the duration of S, 4i0,
model performance is poor. When using S}, ;. in its correct location in the search window, but varying
the duration randomly of up to 2s, performance is relatively high. This suggests the position is a

stronger cue than duration.

Window size frame-acc F1@.10 F1@.25 F1@.50

8 sec 66.98 73.12 64.66 44.13
12 sec 68.63 75.52 67.56 47.29
16 sec 68.51 76.18 68.63 48.10
20 sec 68.72 77.80 69.29 48.15

Table 11.6: Search window size 7: We vary T between 50 and 125 frames (corresponding to 8- and
20-second inputs, respectively). Larger windows tend to perform better, possibly due to increased
contextual information and the fact that the difference between S,,,4;, and the aligned subtitle S; can
be in the order of 10s.

Effect of text input to the encoder. We perform a series of ablations regarding the text
encoding, including: no text augmentations, adding extra positional encodings to the BERT
text features (as described in the Appendix), and using the sentence embedding only (the output
embedding corresponding to the BERT “CLS" token) instead of the sequence of individual
token embeddings. Tab. 11.7 presents the results on BSL-1K ;4.4 With these text ablations.
Augmenting the subtitle text improves performance, while adding extra positional encodings

or using the sentence embedding degrades performance.

Effect of sign localisation pretraining. As explained in Sec. 11.3.2, we initially pretrain
our model for temporal localisation of individual signs. In Tab. 11.8, we measure the effect
of this pretraining on a large set of word-video training pairs, and conclude that it provides

a good initialisation for finetuning on long subtitles.
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Method frame-acc F1@.10 F1@.25 F1@.50
w/0 augmentations 67.35 75.72 66.85 45.31
w/ augmentations 68.72 77.80 69.29 48.15
w/ aug. + positional enc. 68.21 74.89 67.14 46.36
w/ aug. sentence emb. 66.18 72.99 63.71 41.71

Table 11.7: Text ablations: As a data augmentation step during training, we shuffle the words in 50%
of the subtitles and add or delete up to 2 words in the subtitle. This results in a large performance gain.
Adding positional encodings to the BERT text features does not improve our model. Using sentence
embeddings instead of token embeddings for the subtitle query degrades performance.

Pretraining frame-acc F1@.10 F1@.25 F1@.50

w/o word pretraining 67.26 76.18 66.19 42.47
w/ word pretraining 68.72 77.80 69.29 48.15

Table 11.8: Pretraining for sign localisation: By pretraining our model to locate individual words
within a given temporal window, we boost performance of subtitle alignment.

Model formulation. We consider an alternative version of the Transformer model, inspired
by the DETR model in [59] for object detection in images. This model inputs image features
into the Transformer encoder and text query into the Transformer decoder. Similarly, we
input the sign language video features into the Transformer encoder. On the decoder side,
we input the subtitle text features as well as either (i) the start and end times or (ii) the shift
and scale of the shifted subtitles S, relative to the temporal window. We then consider the
problem of subtitle alignment as a regression problem, and aim to predict (i) the start and end
times or (i1) the shift and scale of the subtitle relative to the temporal window. As a further
ablation, we also consider the same model architecture (with subtitle features and the start

and end times as decoder input), but outputting a fixed binary vector of length 7", which we

train with a binary classification objective (as in SAT).

The results in Tab. 11.9 suggest that our proposed approach with video features as input
to the Transformer decoder enables significantly better learning, perhaps by providing a
one-to-one mapping between video inputs and the frame-wise outputs. Another possible
explanation for our proposed model’s superiority is that it outputs alignment scores between
subtitles and individual frames which allows for better conflict resolution strategies for

overlapping subtitle predictions.
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Prior input Loss frame-acc F1@.10 F1@.25 F1@.50
shift/scale  shift/scale regress. 59.23 70.55 59.00 33.71
start/end start/end regress. 60.04 72.20 60.41 34.33
start/end  binary classif. 60.48 74.05 62.75 35.07

binary binary classif. (SAT) 68.72 77.80 69.29 48.15

Table 11.9: Model formulation: We present an ablation where we experiment with a DETR-style
Transformer model [59]. Video features are inputs to the Transformer encoder, and the subtitle query
is fed to the Transformer decoder. Moreover, on the decoder side, we input either the start and end times
or the shift and scale of the shifted subtitles S, ;. relative to the temporal window, and use a regression
model to predict the true values. This model fails to produce satisfactory results. Changing the regression
model to a classification one by instead predicting a binary vector of length 7" (as in the SAT model)

results in a small improvement; however SAT outperforms all the alternative models with a large margin.
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Figure 11.4: Qualitative results: This figure shows short time windows of 5s (left) or 7s (right) with
shifted audio-aligned subtitles (S}, ;;,), ground truth signing-aligned subtitles (S,;) and our predicted

audio
signing-aligned subtitles (S,,¢q). In practice, we input 20 seconds of video during training and testing

as our search window.

11.4.5 Performance on a different dataset

We demonstrate our model’s performance on the BSL Corpus [334, ]. The subtitles in
this dataset are aligned to the sign language, and so we randomly shift and scale the subtitles
in order to create artificial training data. We then train our SAT model to learn the correct
alignment of subtitles to video in the BSL Corpus. We train the model (1) without any

pretraining, (ii) with only word pretraining (on BSL-1K) and (iii) with SAT pretraining on
BSL-1Kyigned. We report results in Tab. 11.10.
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Rand. perturb.

(Oposs Odur) Method frame-acc F1@.10 F1@.25 F1@.50

(3.5s, 1.5s) Rand. shift & scale 63.24 37.13 2654 1247
SAT w/out pretrain. 73.73 51.51 4333 2798
SAT pretrain. 75.77 55.55 4745 3257
SAT w/ word pretrain.  76.29 57.65 5035 34.54

(4.5s, 1.55) Rand. shift & scale 60.18 29.52  20.61 10.00
SAT pretrain. 73.69 48.41 4134  28.06

SAT w/ word pretrain. ~ 74.29 5133 4437 30.13

(3.5s, 25) Rand. shift & scale 62.62 3747  26.82 11.87
SAT pretrain. 75.79 5531 4724  32.89
SAT w/ word pretrain. ~ 76.00 5786 5043 33.79

Table 11.10: BSL Corpus: We show results on another dataset [334, ] with subtitles aligned
to signing. We randomly shift and scale the correctly aligned subtitles in BSL Corpus to simulate
unaligned data and then use our SAT model to recover the original correct alignments. Position is
randomly shifted following a normal distribution with standard deviation o}, and duration is randomly
changed according to a normal distribution with standard deviation o4,,. Our model is capable of
learning to align subtitles on this data. Word pretraining on BSL-1K increases performance, but
pretraining the SAT model on BSL-1K;gneq (SAT pretrain.) does not result in further gains.

At each subtitle, we apply a random shift following a normal distribution with standard devi-
ation 0,0 and a random change of duration of the subtitle also following a normal distribution
with standard deviation og,.. Tab. 11.10 shows that our model is able to partially recover the
correct original alignment. Larger shifts make it more difficult for our model to recover the

correct original alignment, but random changes in subtitle duration seems to have less effect.

+
audio

This is consistent with the results in Tab. 11.5, where changing the duration of S does not
greatly impact results. Word pretraining on BSL-1K helps the model, but SAT pretraining on
BSL-1Kyjigneq does not. Word pretraining may help the SAT model recognise certain signs
in BSL, but domain difference between BSL Corpus and BSL-1K ;44 subtitles may explain

why SAT pretraining on BSL-1K;4ncq4 does not lead to any significant gains on BSL Corpus.

11.4.6 Qualitative analysis

Fig. 11.4 illustrates several test examples on BSL-1Kjigncq. The timeline shows the ground

+
audio

truth alignment (S,,), our prediction (S,.q), as well as the S baseline, alongside a sample
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of video frames and the query subtitle text. While the shifted baseline S} ., provides an
approximate position, it is largely unaligned. Our model effectively learns to attend to both
visual and textual cues. A typical failure mode happens when the prior position encoding is
significantly far from the ground truth (see Fig. 11.4 bottom right). For additional qualitative

examples on BSL Corpus, we refer to the Appendix.

11.5 Conclusion

We presented a Transformer-based approach to synchronise subtitles with sign language
video content in interpreted data. We showed that knowledge of subtitle content is essential
to effectively align subtitles to signing. We hope that our work will be a stepping stone to
obtain video-subtitle pairs that allow training of unconstrained machine translation systems
for sign languages. Furthermore, our approach is potentially applicable to other domains,
such as temporal grounding of sentences. We refer to the Appendix for a discussion on

the broader impact on the community.

Appendices

Appendices for this chapter can be found in the online version of the paper. *

Statement of authorship

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

Shttps://www.robots.ox.ac.uk/~vgg/research/bslalign/


https://www.robots.ox.ac.uk/~vgg/research/bslalign/

12| Discussion

In this chapter we summarize some of the impact that the work included in this thesis (Sec-
tion 12.2.2) has had so far, discuss ethical and privacy aspects (Section 12.2), and highlight

potential directions for future work (Section 12.3) .

12.1 Impact

Lip Reading and AVSR. LRS2 (Chapter 2) and LRS3( [5]) have become the default bench-
marks for sentence-level lip reading. Their wide embrace by the research community is
reflected by the fact that they have been downloaded over 1000 times in total. Moreover they
have been used for training and evaluation on other applications such as lip-sync [31 1], lip-to-
speech synthesis [288], Active Speaker Detection (ASD) [92], and speech enhancement

and separation [143, ].

The TM-seq2seq lip reading model that we have introduced in Section 2 is the base architecture
used by many follow-up works to build upon and improve the state-of-the-art in sentence-level
lip reading. For example, [435] extend the TM-seq2seq architecture by inserting convolution
blocks within the Transformer layers, obtaining improvements in performance. Moreover it

serves as the common benchmark architecture to compare new architectures against [4 12, 435].

To assist the community and enable further research we have open-sourced the code imple-
mentation and pretrained models for TM-seq2seq. Indeed, the pretrained lip representations
have helped bootstrap various works. For example, several lip reading works have used our
pretrained weights as initialization to accelerate their research in lip reading [247, 422, 445]
or ASD [438]. These representations were also the basis for work on keyword spotting [270]
that in turn facilitated sign spotting from mouthings that enabled a series of works on sign

language [13, 14, ].

Finally, our sequence-to-sequence training curriculum, has been adopted in more general tasks

such as learning 3D human dynamics from videos [203, ].

197
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AV speech enhancement and separation. Our work in audio-visual speech enhancement
and separation, described in Chapter 6, has spurred various followup works that extend and
improve our proposed models, follow our framework and evaluation protocol, or compare
with our models as baselines [163, , , ]. For instance Chung et al. [9 1], proposed
solving the speech separation task by conditioning on the speakers’ visual identities instead
of lip motions, while Gao et al.[143] took this direction further by adding visual identity
cues, learned as cross-modal speaker embeddings, to a lip-conditioned separation model. In
a different direction, Yu et al. [424] build on our work to create an integrated framework

for audio-visual recognition of overlapped speech.

Our speech separation models were also used for the creation of VoxConverse[83], the largest
scale freely available audio-visual diarization dataset. Due to its large size and accessibility,
VoxConverse is becoming a standard dataset and benchmark for training and evaluating

speaker diarization models [231, , , ].

Full-frame ASD, synchronization and separation . Our work presented in Chapter 8 resulted
in an all-in-one-model solution for a variety of speech related audio-visual tasks — including
ASD, audio-visual synchronization and speaker separation — that can be used directly on the
frame level, without requiring any prior preprocessing. We have open sourced the code to
facilitate research on audio-visual learning and also as a simple alternative to complicated
preprocessing pipelines that is easier to use by researchers in less technical fields. For example,

it has since been used as a benchmark for active speaker detection [343].

Self-supervised object detection. In Chapter 9 we designed and implemented a method for
training object detectors without manual supervision, based on audio-visual correspondence
in videos. To the best of our knowledge we are the first to have proposed an entirely self-
supervised method for training a full object detector. We expect this line of work to inspire

and encourage further research in this exciting new direction.
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12.2 Responsible Al

In this Section we summarise and discuss broader privacy and ethical aspects associated with
the contributions of this thesis. In particular we discuss (i) the trade-off between the benefits
of applications that are of service to society and the risk of malign uses, and (i1) ways to limit

the potential for harmful uses, while preserving individual privacy.

We note that the suggestions proposed here are only indicative and that this brief analysis is by
no means a comprehensive study; a thorough examination of this important aspect is outside

the scope of this thesis and should be extensively conducted in future work.

12.2.1 Trade-off between potential risks and benefits

Risks. The great potential of the methods proposed in this thesis inadvertently raises privacy

concerns and creates some risk for malicious applications.

The most commonly raised issue related to lip reading is the potential for malign surveillance,
by using video recordings of public places (e.g. CCTV footage) to eavesdrop on private civilian
conversations. Similarly, audio-visual speech enhancement could in theory be used for creating
enhanced recordings of naturally obfuscated speech in similar scenarios (e.g. people discussing
in a noisy cafe). Similar risks are also relevant to deaf communities, as further advance
in automatic sign language understanding could enable the surveillance of conversations

conducted in sign language.

Benefits. Although the above concerns are valid, they should be considered in the context

of all the good impact that this research can result in.

In particular, we reiterate that lip reading can be used for enabling speech-impaired individuals
(e.g. people with aphonia or ALS patients) to improve their communication, either directly
with other humans or through human-computer interaction. Audio-visual speech enhancement

can be used to facilitate communication with devices (e.g. phones or smart speakers) in
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noisy environments such as a car, or enable Zoom calls in crowded places such as train

stations and airports.

Audio-visual speech recognition, that is robust to noise, can be used for enabling automatic
subtitling in noisy videos, which is important for improving the video understanding experience
of the hearing-impaired. Moreover, lip reading and audio-visual speech enhancement could
both contribute to the development of even smarter hearing aids (e.g. by incorporation into
devices such as smart glasses), beyond just removing the distracting noise of the background
or other speakers; it could even transcribe the speech to text, and then use text-to-speech to

speak it back clearly and at a desired volume to the hard-of-hearing or deaf.

Finally, sign-language recognition has a large range of practical applications, with potential to
greatly improve the daily life of deaf and hard-of-hearing individuals. Most importantly it could
allow the deaf community to use signing (their own language) to directly communicate with
people that do not know how to sign. Other applications that may be made possible include
human-computer-interaction through sign language (e.g. for communication with virtual
assistants such as Siri and Alexa), the development of sign-language avatars for automatic
interpretation of speech into signs, the efficient indexing and searchability of sign-language
videos (e.g. on YouTube), or the development of subtitling tools that help signing vloggers

align subtitles to their videos.

Trade-off in favour of good uses. Overall we believe that the benefits of potential good uses
of our research greatly outweights the risks of malicious ones. Ideally it is desirable to develop
such applications, embracing the full potential of these technologies, while simultaneously
limiting the risk of malicious exploitation. To that end we suggest a number of privacy

preserving practices in the following Section.

12.2.2 Privacy preserving practices

Ensuring adequate user awareness. Techniques for maintaining the privacy of the individuals

who do not wish for their communications to be captured and processed, can be borrowed from
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common practices in other privacy-sensitive computer vision applications (e.g. facial recogni-
tion). In the spirit of "notice and consent", users should be informed of the presence of cameras
and given the option to opt out of any audio-visual processing of their communications (speech,
lip movements, signs). A simple and non-intrusive suggestion in that direction is to require any
applications to clearly display a light on the recording device that indicates camera recording
and any simultaneous audio-visual processing. A more advanced step is for any application (lip
reading, speech enhancement or sign language recognition) to ensure that all the individuals that
are being monitored are aware of it and are co-operating, by requiring an active initiation input
from users. This could for example be achieved through the use of a wake-word (or phrase) such
as "Hey Siri". Depending on the application, this input could be aural, visual or audio-visual.
Another way is to limit the functionality of the applications so that they would only work on
speakers that are clearly on the foreground, (i.e. not background faces), or to require a minimum
size for the face of a speaker in order for them to be considered for processing. Those methods

are of course not fool-proof but could provide a good starting point for ensuring user privacy.

Further research into understanding limitations. We have mentioned in Chapter 3, that
the risk of using CCTV for surveillance using our proposed methods is limited due to the
low resolution and frame rate of the cameras usually employed in those systems. Moreover
for most applications frontal views from speakers that are aware of being filmed and co-
operate is important; deviating from these conditions either completely blocks functionality
or greatly hinders performance. In most cases however, we have only qualitatively observed
the performance drop that comes from deviating from perfect conditions, and no extensive
study to determine the exact extent has been conducted. Therefore, another important step
towards privacy is is gaining a better understanding of the limitations of the proposed methods
and the conditions under they may function. This will become increasingly important in the
future, as high-resolution and fps video footage of public spaces become more easily accessible

(e.g. from widespread adoption of smart-glasses usage).

Controlled distribution of code and models. Similar technologies to the ones we have

developed are already available to a small handful of corporations (e.g. AVSR and lipread-
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ing [256], speech separation and enhancement [ | 20]), that have access to enough data and

compute resources for training.

We believe that open access is important in order to accelerate progress in the field; in that sense,
open release of code and models leads to democratisation of research. However, although we
believe that transparent research into this field should be continued and encouraged by the
community, we also acknowledge that completely open release can result with those powerful

new technologies in the hands of malign users.

One solution to this is constraining the availability of the technologies for research purposes
only. For example this is the practice we have followed for data releases (e.g.LRS2 and LRS3
datasets). On the one hand this makes the malign applications less likely. On the other hand this
may prohibit commercial use that is often necessary for deployment of research output into real
products. As this is a broader problem with complicated trade-offs, we believe that the commu-

nity should reach consensus and eventually propose conventions for the distribution of research.

12.3 Future Work

We conclude this thesis by outlining possible avenues for future works. This includes some
open-ended questions on broader objectives and more abstract ideas that might be ripe for

exploration in the near future.

Joint cross-modal self-learning for AVSR. In Chapter 4 we presented a method for using
a trained ASR systems to exploit the abundance of unannotated speech videos available online,

in order to improve lip reading performance.

Although this is a promising framework, it still relies on strong supervision for learning the
ASR teacher model. Self-supervised learning has recently had success in pre-training phonetic
representations without supervision, which when used for initializing ASR models achieved
remarkable performance with very little data[30]. A natural step is therefore to investigate ways
of using cross-modal self-supervision to jointly learn audio and video speech representations,

suitable for recognition, either with each modality separately, or using both modalities together.
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Generalized sound source separation. In Chapter 6 and 7 we proposed a method for
separating voices of simultaneous speakers in cocktail party scenarios. This application
can be viewed as part of a wider family of methods that perform audio-visual sound source
separation. Indeed related works have recently achieved remarkable results for separating the
sounds of musical instrument by conditioning on visual input [ 140, 142,440, 441]. However
generalizing those frameworks to a larger repertoire of object categories and in in-the-wild
conditions is a challenging task, yet to be solved. To achieve this it is necessary to learn to
associate the appearance and motion of a broad range of objects with their sounds, as well as to

model dynamic information for disambiguating between different instances of the same class.

Learning with less dataset curation. We have achieved remarkable results by relying solely
self-supervision. For instance in Chapter 8 we showed that it is possible to train complete
object detectors without manual labels of any kind, relying on audio-visual correspondence.
Under the hood however, those methods were trained on datasets that have been heavily curated.
For example, for the creation of the AudioSet and VGGSound datasets, complex pipelines
involving audio classifiers and object detectors were used, to clean up the noise and balance the
class distribution. On the way towards truly self-supervised training frameworks that operate

on in-the-wild videos, rendering those methods more robust to noise is a key challenge.

Discover new connections between appearance, motion, audio and text in videos.. We have
seen in Chapters 8 and 9 how audio and speech can be used for obtaining saliency heatmaps on
videos or for joint semantic clustering enabling detection. However can we go further than learn-
ing about objects individually? For example, when observing dynamic scenes, humans are able
to learn a great deal about relationships between objects from motion and sound. Is it possible
to teach machines in a similar manner? For instance, is it possible to enable them to learn about
relationships between different objects, or about how humans and animals interact with objects,
just by watching videos? Some examples of this are illustrated in Figure 12.1. We postulate that

multi-modality is again the key to achieve this at a large scale and with minimal supervision.

Another strand to investigate is learning more about the underlying relationships between
objects and sounds that temporally co-occur with their appearance or movement. Are there

underlying causal relationships or is the co-occurrence a result of spurious correlations? Some
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Figure 12.1: Can we learn about the interactions of humans and animals with objects by watching
unlabeled videos? Examples of this include (i) learning about the physical properties of the racket
and the tennis ball from watching a player hit it, (ii) that the “chopping wood” sound is generated when
the axe smashing the log, (iii) that a peculiar sound is the result of a dog chewing on a squeaky toy,
or (iv) that a particular sound comes from a woodpecker pecking on a trunk.

examples of different kinds of relationships are shown on Figure 12.1. Humans can easily
reason about a situation and infer those relationships because they have prior knowledge
about the world, physics, etc. Injecting these priors into the models could perhaps improve
performance on current tasks, and vice versa, learning about the world by observing these

multi-modal interactions would be even more interesting.

VS

Figure 12.2: Relationship between objects and sounds: causation or co-occurrence? A lion roaring
is an example of a causal relationship between object and sound. Dancing is an example of an object
(i.e. human) reactively synchronising to a sound.

12.4 Conclusion

In this thesis we developed methods that exploit the natural co-occurrence of audio-visual
data in videos for a large range of applications. In particular we studied lip reading and AVSR
in Chapters 2 to 5, audio-visual speech enhancement and separation in Chapters 6 and 7,
audio-visual object localization and detection in Chapters 8 and 9, and finally sign language
recognition in Chapters 10 and 11. Overall, we built on and improved prior methods, pushed the

boundaries on existing tasks and set exciting new directions for audio-visual machine learning.
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