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Abstract

Deep learning has fueled an explosion of applications, yet training deep neu-

ral networks usually requires expensive human annotations. In this thesis we

explore alternatives to avoid the substantial reliance on manual annotated ex-

amples when training deep neural networks. Specifically, we do so by either

adapting self-supervised methods to automatically correct freely obtained data

labels, or by completely abandoning the use of human labels and instead uti-

lizing the natural co-occurrence of audio and visual information to learn object

representations in videos.

Growing collections of digital data often provide noisy labels that can be ex-

ploited to supervise the learning process. Conventional data pre-processing

includes correcting/cleaning them before training recognition models, but this

can require infeasible amounts of manual effort. We consider correcting the

annotation noise automatically, and hence eschew the need for costly manual

annotation. We build and extend recent breakthroughs with a consistency loss

which enables training even without ground truth, and an spatial memory map

that provides flexible instance-level registration, leading to greater generaliza-

tion.

We further explore multimodal sensory streams to provide self-supervision

to the model by utilizing modality redundancy, i.e. the overlapping informa-

tion between modalities. Representations are learned by harnessing different

modalities without using any human-annotated labels. We demonstrate this

technique using three different applications. First, we automatically curate a

large-scale audio dataset, VGG-Sound, with more than 200k videos collected



using visual guidance, training on which yields state-of-the-art models for au-

dio recognition. Second, we present a method to improve and extend recent

sound source localization techniques by introducing a mechanism to mine hard

samples and add them to a contrastive learning formulation automatically. Fi-

nally, unlike existing audio-visual synchronization tasks performed on one spe-

cific domain, we propose to solve the synchronization problem in open world

settings by exploring the use of several transformer-based architectures. With

these models, we achieve state-of-the-art results in challenging speech datasets

and show excellent generalization in a general sound dataset.
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Chapter 1

Introduction

Over the past decade, deep learning [LeCun et al., 2015] has gained immense interest and

has become a compelling approach for various domains such as images [Krizhevsky et al.,

2012; Simonyan and Zisserman, 2015; He et al., 2016; Hu et al., 2018; Dosovitskiy et al.,

2021], audio [Hinton et al., 2012; Maas et al., 2013; Gong et al., 2021] and text [Sutskever

et al., 2014; Vaswani et al., 2017; Katharopoulos et al., 2020]. In the visual domain, Con-

volutional Neural Networks (CNNs) have led to ground-breaking results across many tasks

such as object recognition [Simonyan and Zisserman, 2015], detection [Girshick, 2015]

and segmentation [Shelhamer et al., 2015]. However, large-scale, well-labeled data is gen-

erally required to train CNNs in order to obtain these convincing performances. Collecting

and annotating such datasets are prohibitively expensive, and it is tedious/impractical for

human experts to label the tremendous collections of digital data. The quality and scale of

labels are often considered as the bottleneck in the adoption and wide-spread use of modern

deep CNNs. Are there any alternatives to compensate for this shortage?

In this thesis, we explore the training of CNNs by correcting existing noisy examples

using cycle-consistency, or by entirely alleviating any reliance on manually-annotated data

through audio-visual self-supervision. The unifying objective is to remove the need for

manual supervision. This would make training deep neural network more scalable and

cost-efficient, hence evading this annotation bottleneck for future research.

We exploit geometric consistency as an alternative supervision and correct existing

noisy labels in Chapter 3. The dominant application domain in this thesis (Chapter 4 - 6)

is audio-visual learning. The goal is to make use of cross-modal self-supervised learning
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to map high dimensional sensory inputs into meaningful representation vectors that can be

used for downstream tasks such as localization and synchronization. In such a way, the

need for expensive annotations is eliminated, and the feature representations are instead

learned by exploiting the redundancy and complementarity in multimodal data.

1.1 Motivation

1.1.1 Label correction via cycle-consistency

With the recent emergence of large-scale datasets, deep neural networks have demonstrated

impressive performances on many machine learning tasks [Krizhevsky et al., 2012; He

et al., 2016]. The quality of the data labels however plays a crucial role, and model per-

formance drops dramatically as label noise increases, regardless of the learning algorithm

used [Elsayed et al., 2018]. However, high quality labels for large-scale datasets are often

extremely expensive to obtain, especially for dense pixel-level tasks. For example, anno-

tation and quality control for image segmentation require more than 1.5h on average for a

single image in the Cityscapes dataset [Cordts et al., 2016], though only 7min is needed

when annotating partial images. The annotation cost can be substantially reduced if the

labels need not be accurate. In the satellite image domain, there are publicly available

maps which can provide segmentation labels for free, but often with noise. The pixel-level

annotations often fail to match the objects (e.g., road, buildings, vegetation etc.) on satel-

lite images due to several issues, such as viewpoint variation as maps do not capture 3D

structure feature, or invisibility caused by occlusions, resulting in geometric label noise.

A model that automatically fixes these noisy labels obtained from open sources online or

via minimal human annotations can have several useful applications. It can provide higher

quality, clean annotations without requiring additional human effort, and these clean labels

can be used for a range of computer vision applications such as image segmentation and

tracking.
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Learning with cycle consistency. Learning correct labels automatically with access only

to the noisy labels is an ambiguously defined task. One popular alternative when manual

labels are not available is to obtain supervision using cycle-consistency. As early as the

1970s, a technique called “back translation and reconciliation” was used to verify and im-

prove translations by human translators [Brislin, 1970]. Inspired by these human studies,

cycling between two or more samples has become a commonly used technique for assess-

ing performance in machine vision. Zhu et al. [2017] exploit the property that translation

should be consistency in the sense that the inverse transformation of the transformed input

should arrive back to the original input. With a cycle-consistency loss, the learning process

would be valid even if the ground-truth annotations are unknown.

1.1.2 Audio-visual learning

In addition to using geometric consistency to correct noisy labels, another trend to reduce

human effort is to follow psychology studies on human perception and exploit self-labels

using multiple sensory cues such as vision, audition, touch, smell, proprioception and bal-

ance [Smith and Gasser, 2005]. Multidimensional consciousness, an innate ability which

allows humans to interact with the world through multiple sensory inputs, was extensively

studied in the psychology literature [Edelman, 1987]. Humans interact with the world

through many sensory streams via the concept of redundancy. One specific aspect of re-

dundancy is called degeneracy, which enables the system functionality even when one

modality is lost. For example, spatial concepts can be developed by blind children by

learning from other modalities [Landau and Gleitman, 1985].

Another aspect of redundancy is that different modalities can educate each other, namely,

reentry, which is the ongoing, parallel and recursive signalling between multiple simul-

taneous representations across modalities [Edelman and Gally, 2013]. It allows humans

to form explicit knowledge representations of the same information across two or more

sensory modalities. For example, early works [Knight and Johnston, 1997; O’Toole et al.,

2002] from the face recognition community suggested that the movement of the face is as-

sociated with speech and is useful for face recognition. This indicates the existence of over-

lapping information in multimodality, as those critical cues are often available bi-modally.

3



Therefore, the unique, shared, high-level semantics across different sensory inputs can lead

to a powerful learning mechanism where different modalities can be used to supervise one

another.

In contrast to utilizing the overlapping information in multimodality to form a common

perception, humans also bind cross-modal sensory features to complement each other. The

mechanisms of multiple, functionally cortical areas are coordinated and integrated to yield

a unified perceptual response. For example, visual sensory input can affect auditory per-

ception, as shown by the McGurk effect [McGurk and MacDonald, 1976], in which fusion

of auditory “ba” and visual “fa” or “da” results in a perception “fa” or “da” which are

dominated by the visual inputs, i.e. the mouth movements. Another example is the ventril-

oquist illusion [Driver, 1996], where a voice appears to come from the moving mouth of

a puppet rather than from the actual speaker. Such effects show that the perception can be

determined by visual modality, which provides complementary information on the place of

articulation and muscle movements.

Taking inspiration from human perception studies, we particularly focus on audio-

visual learning, which has gained tremendous interest recently due to two additional rea-

sons: First, a vast supply of audio-visual information content is readily present in videos

online; Second, exploiting cross-modal redundancy as a source of self-supervision from

multi-modal inputs has led a number of successful applications in machine perception and

learning.

Proliferation of multimodal content. Recently, the amount of multimodal data has ex-

ploded due to the widespread use of platforms like Instagram and TicToc. Images uploaded

to those social media websites are frequently accompanied by contextual text in the form of

captions or hashtags. Moreover, more than 500 hours of video are uploaded to YouTube ev-

ery minute and we watch over 1 billion hours of YouTube videos a day. Online videos are

naturally multimodal, often containing an audio track accompanying visual content with

high correlation. Benefiting from the abundant videos online, a range of existing audio-

visual datasets such as Kinetics [Kay et al., 2017] and AudioSet [Gemmeke et al., 2017]
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are curated from the open world. Such datasets have been considered as the key bench-

marks to develop modern learning algorithms.

Success in self-supervised learning. Cross-modal redundancy has been exploited by a

number of audio-visual methods [Arandjelovic and Zisserman, 2017; Owens and Efros,

2018], where the goal is to learn representations by exploiting audio-visual co-occurrence,

i.e. the overlapping information between modalities. Rather than explicitly using human

annotations to supervise the learning process, these works focus on matching visual and

audio components extracted from the same video by minimizing the disparity between the

cross-model features from two separate networks. In such a way, high level representations

are learnt as a pretext task and can be used in a range of downstream applications such as

action recognition [Korbar et al., 2018], audio-visual event detection [Tian et al., 2018; Lin

et al., 2019], audio separation [Hershey and Casey, 2002; Zhao et al., 2018a, 2019] and

audio localization [Arandjelovic and Zisserman, 2018; Qian et al., 2020; Afouras et al.,

2020b]. Notably, Zhu and Rahtu [2020] tackle both audio separation and localization at

the same time by using a Cascaded Opponent Filter and a Sound Source Location Masking

technique.

1.2 Thesis outline and contributions

In this section, we summarize the contributions of this thesis, and provide an outline of the

chapters.

Chapter 3 - AutoCorrect: Deep Inductive Alignment of Noisy Geometric Annotations.

In this chapter, we propose a self-supervised method to correct noisy labels which effec-

tively relaxes the human labeling efforts. As we only have access to the noisy labels, we

design a cycle-consistency loss which forces the learned transformation parameters to cor-

rect the misaligned labels to a unique location, i.e. the true location aligning the images.

Furthermore, since image patches often contain more than one misaligned object, a uni-

versal transformation often leads to poor correction results. We therefore condition each

instance prediction explicitly based on a spatial memory map consisting of all previous
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iterations of corrections. In such a way, the resulting auto-regressive model corrects mul-

tiple objects sequentially. Finally, we show state-of-the-art results on the public INRIA

Buildings benchmarks and more importantly, release and give baseline results on a new

challenging railway tracks dataset for future research.

Chapter 4 - VGG-Sound: A Large-scale Audio-Visual Dataset. Gemmeke et al.

[2017] proposed a audio dataset for training audio recognition networks, however, human

annotations are extremely expensive for collecting such a large-scale dataset. This Chap-

ter presents, to our knowledge, the first work to curate a large-scale audio-visual dataset

in the wild automatically. Our automatic pipeline involves obtaining class list and candi-

date videos; visual verification; audio verification and a final iterative noise filtering. By

running through the steps above, we guarantee that the sound is visually evident. We use

this pipeline to build the VGG-Sound dataset consisting of more than 200k video clips

spanning 309 classes. Furthermore, we compare audio recognition models trained on both

VGG-Sound and AudioSet [Gemmeke et al., 2017] and demonstrate superior results given

a lower amount of training data. Our dataset, VGG-Sound, has become one of the most

widely used dataset for audio recognition as well as many audio-visual tasks.

Chapter 5 - Localizing Visual Sounds the Hard Way. In this chapter, we develop a

method for sound localization in videos without requiring any labels. Most prior works ad-

dress this problem by finding the correlation between the visual and audio modalities, form-

ing a spatial attention map. We extend the model localization capabilities by automatically

mining hard samples and adding them to a contrastive learning formulation. We show that

this method significantly boosts sound localization performance on standard benchmarks,

such as Flickr SoundNet [Senocak et al., 2018]. Furthermore, we collect a new benchmark

called VGG-Sound Source (VGG-SS) for this task. We provide high-quality bounding box

annotations for objects that produce sounds, this test set consists of more than 5k videos

spanning 200 different classes. Lastly, we benchmark this task on VGG-SS, showing our

method surpassing several baseline methods.
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Chapter 6 - Audio-Visual synchronization in the wild. We address the problem of

multi-class audio-visual synchronization in this chapter. The aim is to predict whether

a given visual and audio pair is in-sync. Most prior arts [Chung and Zisserman, 2016a,b;

Chung et al., 2019] focus on specific classes such as speech or musical instruments. To our

best knowledge, this is the first work trying to solve audio-visual synchronization for gen-

eral classes. To solve this problem, we identify and curate a dataset with classes containing

high audio-visual evidence. In addition, we introduce a new transformer based architecture

which is specifically designed to learn and predict using variable length video sequences.

Several architecture variants are extensively ablated in various aspects. We further conduct

an in-depth analysis on the curated dataset and define an evaluation metric for open do-

main audio-visual synchronization. Finally, we demonstrate state-of-the-art performances

on standard lip reading speech benchmarks LRS2, LRS3, and set the first benchmark on

general sound classes audio-visual synchronization.

1.3 Publications

The subsequent chapters in this thesis will describe the works that have been published in

the following conferences;

• Chapter 3: AutoCorrect: Deep Inductive Alignment of Noisy Geometric Annotations:

Honglie Chen, Weidi Xie, Andrea Vedaldi, Andrew Zisserman.

Published in the proceedings of the British Machine Vision Conference (BMVC),

2019.

• Chapter 4: VGG-Sound: A Large-scale Audio-Visual Dataset:

Honglie Chen, Weidi Xie, Andrea Vedaldi, Andrew Zisserman.

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

cessing (ICASSP), 2020.

• Chapter 5: Localizing Visual Sounds the Hard Way:

Honglie Chen, Weidi Xie, Triantafyllos Afouras, Arsha Nagrani, Andrea Vedaldi,

Andrew Zisserman.
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Published in the proceedings of the Conference on Computer Vision and Pattern

Recognition (CVPR), 2021.

• Chapter 6: Audio-Visual synchronization in the wild:

Honglie Chen, Weidi Xie, Triantafyllos Afouras, Arsha Nagrani, Andrea Vedaldi,

Andrew Zisserman.

Published in the proceedings of the British Machine Vision Conference (BMVC),

2021.
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Chapter 2

Literature Review

This thesis primarily focuses on how to train CNNs to learn a good representation without

any manual supervision through the use of self-supervised learning. Self-supervised learn-

ing has been heavily researched in the past decade, with many successful approaches and

applications.

In this chapter, large-scale audio and visual datasets are firstly reviewed in Section 2.1,

as high quality datasets are extremely important when developing advanced learning al-

gorithms. Next, in Section 2.2, we thoroughly explore self-supervised learning methods

which learn invariant representations by using transformation/sequence correspondences.

The dominant application domain in this thesis is audio-visual representation learning, we

review a variety of audio-visual applications most pertinent to our work in Section 2.3.

Finally, the recent proposed transformer, a new attention mechanism is discussed in Sec-

tion 2.4.

2.1 Large-scale datasets

Throughout the history of Deep Learning research, the significant advancements not only

rely on the development of new learning methods and utilization of powerful hardwares,

datasets have also played a critical role. Large-scale datasets provide challenging bench-

marks to train and evaluate, and more importantly, drive Artificial Intelligence research into

many interesting directions. A collection of visual and audio milestone datasets are shown

in Figure 2.1.
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Figure 2.1: Selection of modern datasets.
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2.1.1 Image datasets

We group image datasets roughly according to the object recognition type, e.g., image

classification, object detection and semantic segmentation datasets.

Image classification. The aim of image classification is to identify whether certain ob-

jects are present in the image. Early datasets of this type comprised images of a single

object with empty background, e.g., MNIST handwritten digits [LeCun] or COIL house-

hold objects [Nene et al., 1996]. Krizhevsky [2009]; Krizhevsky et al. [2012] propose CI-

FAR10 and CIFAR100 using small patches of images (32×32) with 6000 images per class.

While the datasets above are actively utilized in many research studies, they only contain

a small part of visual world. In 2009, Deng et al. [2009] revolutionized the field by build-

ing a large-scale image database called ImageNet, which consists of 22k categories with

500-1000 images each. Unlike previous datasets which are labeled with low-level classes

such as “dog” or “chair”, ImageNet is organized according to the WordNet hierarchy with

more fine-grained categories. This is one of the most important and influential dataset in

computer vision community, and has significantly advanced image classification domain.

To further increase the number of complex scenes, the Open Image dataset [Kuznetsova

et al., 2018] was released in 2016 with around 9 million images.

Object detection. Object detection refers to the capability of computer to locate the pres-

ence of objects with a bounding box and to predict classes of the located objects in an im-

age. As a fundamental research topic in computer vision community, the classic works

of [Wah et al., 2011] and [Dollar et al., 2009] play an important role in object detec-

tion research. While above works focus on particular classes, such as bird or pedestrian

environments, PASCOL VOC [Everingham et al., 2010, 2015] evaluates 20 object cate-

gories including vehicles, household, animals, etc with 2, 913 images. This dataset has

been widely used as a benchmark for object detection. More recently, Lin et al. [2014]

proposed a dataset encompassing 80 categories of objects and 328, 000 images, namely

Microsoft Common Objects in Context (MS COCO). In addition, Objects365 [Shao et al.,
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2019] was released in 2019, which is 5 times larger than MS COCO [Lin et al., 2014], with

365 categories, 638k images, and 10, 101k bounding boxes.

Semantic segmentation. The goal of semantic segmentation is to assign a category label

to each pixel of an image. One of the hardest problems for any deep learning segmentation

engines is the collection of data in order to construct high-quality image-label pairs. Early

stage datasets such as Brostow et al. [2008] and Silberman et al. [2012] contain high quality

annotations, but are often too small to train the data-hungry deep neural networks. Cordts

et al. [2016] collected the Cityscapes dataset from 50 different European cities, which is

widely used in semantic segmentation. To trade off number of annotations and speed,

20, 000 coarse-annotated images and 5, 000 fine-annotated images were released, where the

coarse-annotated images are usually used in the pre-training stage to promote the models

generalization.

In satellite imagery domain, semantic segmentation is useful for a number of applica-

tions such as urban planning, crop and forest management, etc. Several existing satellite

image datasets [Mnih, 2013; Girard et al., 2018] are created via open source maps with se-

mantic labels such as road and building footprint. However, those datasets often suffer from

misalignment noise due to the mismatch between 3D structure and 2D image or labels not

being temporally synchronized. In Chapter 3, we propose AutoCorrect to automatically fix

geometric misaligned labels, so that high quality segmentation labels can be transformed

given noisy labels. We then use this method to build a large-scale satellite image dataset,

namely Railway Tracks dataset.

2.1.2 Video and audio datasets

Over the last decade, there has been growing research interests in video and audio based

tasks. A number of challenging datasets were proposed and experimented, we will briefly

review them in the following paragraphs.
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Action recognition. Video datasets are often built through the following procedures: (1)

Define a class list and obtain candidate videos; (2) Provide video-level/temporal annota-

tions; (3) Clean the dataset by de-duplication and removing noisy clips. HMDB51 [Kuehne

et al., 2011] was introduced in 2011, and collected mainly from movies. This dataset con-

tains 6, 849 clips spanning 51 action categories. Similar in spirit, is the UCF101 [Soomro

et al., 2012], but is larger to facilitate training of deep ConvNets. In 2017, Kay et al. [2017]

curated a large-scale, high quality video benchmark obtained from YouTube videos called

the Kinetics dataset. More than 240k training and 20k validation videos are available from

400 human action categories. Each video clip is trimmed into 10 seconds and is labeled

with a single action class from a flatten list. More recently, Moment in Time [Monfort

et al., 2019] was released with 1m video clips divided into 339 classes. Comparing to other

datasets which focus on human actions, Moment in Time extends action recognition to a

wider range of classes such as people, animals, objects and natural phenomena.

Audio recognition. The goal of audio recognition is to determine the semantic content

of an acoustic signal, e.g., recognizing the sound of a car engine, or a dog barking, etc.

The early audio dataset was constructed using synthetic sound effects to convey different

actions and materials [Gaver, 1993]. Burger et al. [2012] extends the former and introduce

a dataset of 42 distinct labels called the noisemes, where the 5.6 hours of manually labeled

data describe the distinct noise units based on audio concepts. Salamon et al. [2014] in-

stead focus on sound classes chosen from the urban sound taxonomy and create an audio

dataset with more than 18.5 hours. Recently, a large-scale dataset, namely AudioSet [Gem-

meke et al., 2017; Hershey et al., 2021], was released with more than 2M video clips span-

ning more than 560 classes. This is one of the most influential datasets in audio research

community, but such huge number of manual annotations can be very expensive to obtain.

In contrast, automatic data collection is an economical and scalable alternative to manual

supervision, we introduce an scalable audio dataset collection pipeline in Chapter 4. We

curate VGG-Sound automatically and show state-of-the-art audio recognition results using

this new dataset.
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Audio-visual localization. The Flickr SoundNet sound source localization benchmark

[Senocak et al., 2018] is an annotated collection of single frames randomly sampled from

videos of the Flickr SoundNet dataset [Aytar et al., 2016]. This is the standard benchmark

for sound source localization with 250 testing image-audio pair spanning around 50 classes.

This testset is constructed with high quality bounding box annotation, but is in relatively

small scale and only provides image-audio pairs. To address these problems, in Chap-

ter 5, we build on VGG-Sound dataset and create VGG Sound Source, a new challenging

benchmark with over 5k video clips spanning 220 classes.

2.2 Self-supervised learning

Recently, many self-supervised representation learning methods have gained popularity

because of its ability to adopt self-defined pseudo labels as an alternative supervision to

manual labels. We group these methods according to the supervision cues and discuss

them in the following sections.

2.2.1 Temporal sequences

Temporal consistency has been considered as one of the most popular supervision sources

and has been used in wide range of studies. Early works include learning invariant features

from transformation sequences [Fldik, 1991], or using a construction loss to learn unsuper-

vised features based on the fact that things typically cannot change too quickly from frame

to frame in slow feature analysis (SFA) [Wiskott and Sejnowski, 2002; Hurri and Hyvri-

nen, 2003]. The authors of Mobahi et al. [2009] propose to add a temporal coherence

regularizer to a traditional loss objective. Bengio and Bergstra [2009] extend on Mobahi

et al. [2009] and use decorrelation as a mechanism for preventing trivial solutions. Further-

more, temporal coherence is defined to set hyper-parameters in a principled and automated

manner [Goroshin et al., 2015]. While all above studies focus on preserving feature slow-

ness, Jayaraman and Grauman [2016] propose preserving higher order feature steadiness,

where the changes should be small in adjacent time intervals.
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Temporal context can be also used as supervision for verifying or recognizing the tem-

poral orders. Fernando et al. [2017] propose to identify the odd sequence from a set of

sequences with correct temporal orders. Lee et al. [2017] formulate representation learning

as a sequence sorting task and predict the correct frame orders. In Kim et al. [2019], 3D

CNN-based methods are used to learn both spatial appearance and temporal relation of the

video frames.

Another set of methods learn future frames sequences based on a limited number of

frames in a video using a Long-term short-term memory based recurrent neural networks [Sri-

vastava et al., 2015], or more generally, recurrent encoder-decoder architectures [Cho et al.,

2014]. In Villegas et al. [2017], both motion and content information are decomposed in

a end-to-end learning framework. Mathieu et al. [2016] explore a multi-scale architecture

and an image gradient difference loss function to avoid blurry predictions obtained from

the standard Mean Squared Error (MSE) loss function. Finn et al. [2016] train flexible

parametric models to effectively predict interactions with objects.

genc genc genc genc genc genc genc genc

gargargargar

xt xt+1 xt+2 xt+3 xt+4xt�1xt�2xt�3

ct

zt+4zt+3zt+2zt+1zt

Predictions

Figure 1: Overview of Contrastive Predictive Coding, the proposed representation learning approach.
Although this figure shows audio as input, we use the same setup for images, text and reinforcement
learning.

shown useful [10, 11]. We hypothesize that these approaches are fruitful partly because the context
from which we predict related values are often conditionally dependent on the same shared high-level
latent information. And by casting this as a prediction problem, we automatically infer these features
of interest to representation learning.

In this paper we propose the following: first, we compress high-dimensional data into a much more
compact latent embedding space in which conditional predictions are easier to model. Secondly, we
use powerful autoregressive models in this latent space to make predictions many steps in the future.
Finally, we rely on Noise-Contrastive Estimation [12] for the loss function in similar ways that have
been used for learning word embeddings in natural language models, allowing for the whole model
to be trained end-to-end. We apply the resulting model, Contrastive Predictive Coding (CPC) to
widely different data modalities, images, speech, natural language and reinforcement learning, and
show that the same mechanism learns interesting high-level information on each of these domains,
outperforming other approaches.

2 Contrastive Predicting Coding

We start this section by motivating and giving intuitions behind our approach. Next, we introduce the
architecture of Contrastive Predictive Coding (CPC). After that we explain the loss function that is
based on Noise-Contrastive Estimation. Lastly, we discuss related work to CPC.

2.1 Motivation and Intuitions

The main intuition behind our model is to learn the representations that encode the underlying shared
information between different parts of the (high-dimensional) signal. At the same time it discards
low-level information and noise that is more local. In time series and high-dimensional modeling,
approaches that use next step prediction exploit the local smoothness of the signal. When predicting
further in the future, the amount of shared information becomes much lower, and the model needs
to infer more global structure. These ’slow features’ [13] that span many time steps are often more
interesting (e.g., phonemes and intonation in speech, objects in images, or the story line in books.).

One of the challenges of predicting high-dimensional data is that unimodal losses such as mean-
squared error and cross-entropy are not very useful, and powerful conditional generative models which
need to reconstruct every detail in the data are usually required. But these models are computationally
intense, and waste capacity at modeling the complex relationships in the data x, often ignoring the
context c. For example, images may contain thousands of bits of information while the high-level
latent variables such as the class label contain much less information (10 bits for 1,024 categories).
This suggests that modeling p(x|c) directly may not be optimal for the purpose of extracting shared
information between x and c. When predicting future information we instead encode the target x
(future) and context c (present) into a compact distributed vector representations (via non-linear

2

Figure 2.2: Overview of Contrastive Predictive Coding, adapted from Oord et al. [2018].
This approach is suitable for audio, images, text and reinforcement learning.

Contrastive Predictive Coding (CPC) [Oord et al., 2018] is a method that predicts future

observations with a probabilistic contrastive loss [Chopra et al., 2005; Schroff et al., 2015].

The architecture of CPC models is shown in Figure 2.2, autoregressive models are used in
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the latent space to make predictions many steps in the future. During training, both the en-

coder and autoregressive model are jointly optimized using the InfoNCE loss. In practice,

given a training setX = {x1, . . . xN} ofN random samples containing one positive sample

from p(xt+k|ct) and N − 1 negative samples from the ‘proposal’ distribution p(xt+k), the

loss is defined as:

LN = −E
X

[
log

fk(xt+k, ct)∑
xj∈X fk(xj, ct)

]
(2.1)

More recent approaches involve training with predictive attention mechanism over a set

of compressed memories [Han et al., 2020a], jointly exploiting the information between

RGB streams and optical flow [Han et al., 2020b], or matching several views of the same

scene in Tian et al. [2019].

2.2.2 Spatial context

Solving jigsaw puzzles involves predicting the relative position of the different patches in

an image [Doersch et al., 2015], or in a similar spirit, identifying the order of the shuffled

sequence of patches from the same image [Noroozi and Favaro, 2016; Dahun et al., 2018;

Noroozi et al., 2018]. Mundhenk et al. [2017] combine a set of methods to improve self-

supervised learning results using context.

Transformation based self-supervised learning aims to learn invariant features by ap-

plying a set of transformations to each image, such as predicting rotation [Gidaris et al.,

2018; Jing et al., 2018]. Novotny et al. [2018] propose to learn representation via cor-

respondences obtained from synthetic warps. Invariant Information Clustering [Ji et al.,

2019] is introduced to maximize mutual information between the function’s classifications

for paired data samples. Chen et al. [2020b] propose to use a stochastic data augmentation

module to create two correlated views of the same example considered as positive training

data, and all other samples in the minibatch are negative training data. Building on Chen

et al. [2020b], He et al. [2020] create a dynamic dictionary containing large amount of neg-

ative data during training, showing superior results. In Chapter 3, we extend this idea of
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transformation based self-supervised learning on satellite image domain that the location of

railway tracks or buildings in both satellite image and semantic labels should be consistent.

Therefore, any perturbed or noisy labels should arrive back to the unique location, i.e. the

ground truth location.

2.2.3 Context similarity

One of the pretext tasks in the self-supervised scenario is clustering, where the cluster

assignment is often used as an pseudo label to supervise the trainings. Traditional meth-

ods cluster images based on hand-crafted features such as HOG [Dalal and Triggs, 2005],

SIFT [Lowe, 2004] and fisher vector [Sánchez et al., 2013]. Recently, instead of obtain-

ing hand-designed features in advance, Li et al. [2016] train CNNs to recognize whether

two images are from the same cluster. Noroozi et al. [2018]; Caron et al. [2018] propose

to learn the cluster assignments using CNNs by iteratively clustering images and updating

the weights of the network. Asano et al. [2020b] automatically estimate the data labels by

combining clustering and representation learning.

2.2.4 Generation methods

Generation-based self-supervised learning aims to use pseudo labels generated from images

themselves to supervise the training processes, several tasks including colorization, super-

resolution and inpainting have been broadly researched in the vision community.

The objective of colorization is to predict a plausible color version of the photograph

given a grayscale photograph as input. Larsson et al. [2016, 2017]; Zhang et al. [2016] con-

sider colorization as a proxy task for visual understanding and show competitive results on

several classification and segmentation benchmarks. While the works above focus on im-

age domain, video colorization also gains tremendous interests in recent years, Tran et al.

[2016] introduce an encoder-decoder based 3D ConvNet which can achieve competitive re-

sults for multiple tasks including optical flow estimation, semantic segmentation and video

colorization. Vondrick et al. [2018] propose to solve video colorization by learning to copy

colors from a reference frame. Another line of works focuses on super-resolution [Rudin

et al., 1999; Tipping and Bishop, 2003; Kim et al., 2016; Dong et al., 2014], where the
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goal is to enhance the resolution of images/videos. SRGAN [Ledig et al., 2017] casts the

problem of super-resolution in a generative model with an adversarial loss and a content

loss, photo-realistic textures were recovered from heavily downsampled images on public

benchmarks. Image inpainting [Bertalmio et al., 2000; Criminisi et al., 2004; Patwardhan

et al., 2007] is a task aimed at regressing missing pixel values based on the rest of an image.

Pathak et al. [2016] train context encoders to learn the common knowledge including the

color and structure of the objects, the learned features are then evaluated on classification,

detection, and segmentation tasks.

2.3 Audio-visual learning

Human are surrounded by a world with multiple modalities, such as vision, audition, touch,

taste, and smell. Following human multi-modal perception, it is natural to train intelligence

models to interpret and reason about multi-modal messages. The aim of audio-visual learn-

ing is to build models that can process information from multiple modalities. There are a

wide range of applications using multi-modal machine learning including image caption-

ing [Farhadi et al., 2010; Donahue et al., 2014; Xu et al., 2015; Laina et al., 2019; Vinyals

et al., 2015], visual question-answering [Antol et al., 2015; Selvaraju et al., 2017; Gao

et al., 2015] and cross modal retrieval [Lee et al., 2018; Liu et al., 2019, 2021a]. In the

following sections, we will review audio-visual learning in details as it is most pertinent to

our works in Chapter 5 and Chapter 6.

2.3.1 Correspondence

Audio-visual concurrence or correlation has been considered for supervision for long time.

In pre deep-learning era, Kidron et al. [2005] detect pixels that are associated with the sound

(e.g. for a guitar) using canonical correlation analysis (CCA). Recent works [Aytar et al.,

2016; Harwath et al., 2016] pre-train visual networks as a teacher and distill knowledge

to the audio networks. Arandjelovic and Zisserman [2017] proposed a novel audio-visual

correspondence task, the aim of this task is to decide whether a video frame and a short

audio clip correspond to each other. They train a classifier in a completely unsupervised
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manner by learning relevant semantic concepts in both modalities. In addition, semantic

sound localization is investigated in Arandjelovic and Zisserman [2018]. While the above

studies mainly focus on image domain, Owens and Efros [2018] extend this to a video-

audio correspondence using a 3D convolution network which can also capture the motion

information. Furthermore, a deep clustering model that extracted a set of distinct compo-

nents from each modality was proposed in Hu et al. [2019]. The representation learned

through audio-visual correspondence can indeed lead to numerous downstream tasks such

as audio-visual matching, retrieval, separation and localization.

Matching and retrieval. Given an audio clip of a voice or an image of a face, the aim

of Voice-Facial Matching is to determine the corresponding face image /video (V-F) or

voice (F-V) respectively. Nagrani et al. [2018a] propose various different models to add

temporal information and form a N-way network to deal with arbitrary number of face in-

puts at test time. Following work [Wen et al., 2019] considered using a triplet loss [Kim

et al., 2018] or covariates (e.g. gender and nationality) to bridge the relation between voice

and face information. While voice-facial matching focuses on human-centric performance,

audio-visual retrieval comprises more general categories. Surs et al. [2018] proposed a

joint embedding model and calculate the Euclidean distance between the audio and visual

domains. Hong et al. [2018] investigated content-based music-video retrieval using pre-

trained features and a intermodal ranking loss. Moreover, a curriculum learning [Bengio

et al., 2009] schedule is employed during data sampling in Nagrani et al. [2018b] to further

improve the performance.

Separation. Audio source separation, also known as the “cocktail party problem” [Haykin

and Chen, 2005] has been extensively researched in the signal processing literature, tradi-

tional approaches include Non-negative Matrix Factorization [Smaragdis and Brown, 2003;

Fvotte et al., 2009] and sparse decomposition [Zibulevsky and Pearlmutter, 2001]. While

the above approaches only consider pure audio input, another class of methods solves sep-

aration with the aid of visual information. The classic audio-visual separation methods

can be traced back to 2000s [Hershey and Movellan, 2000; Fisher III et al., 2000], where

19



a joint distribution of visual and audio signals is modeled and projected to a learned sub-

space. Recent works propose to separate a speakers voice given lip or human body regions

in the corresponding video [Ephrat et al., 2018; Afouras et al., 2018a; Owens and Efros,

2018], and can achieve competitive performance even when lip region is occluded [Afouras

et al., 2019b]. While the above works focus on human speech, Gao et al. [2018] extend

this task to more general classes (e.g., instruments, animals, and vehicles.) in large-scale

in-the-wild videos containing multiple audio sources. Zhao et al. [2018b] propose to sepa-

rate the input sounds into a set of components that represent the sound from each pixel in a

range of instruments. In Zhao et al. [2019], instead of relying on image semantics, temporal

information in the video is used to learn motion cues. Finally, the authors of Zhu and Rahtu

[2021a] propose to use a light and efficient appearance attention module to achieve com-

parable or better audio-visual separation performance on the public MUSIC dataset [Zhao

et al., 2018a].

Localization. The sound localization problem entails localizing the sound source by ob-

serving sound and visual scene pairs. The past efforts in this domain explored correlat-

ing image with sounds using a shallow probabilistic model [Hershey and Movellan, 1999;

Fisher III et al., 2000; Kidron et al., 2005] or learning multimodal representations using

canonical correlation analysis [Kidron et al., 2005; Izadinia et al., 2012]. As the number of

unlabeled videos on the Internet has increased dramatically, recent methods mainly focus

on self-supervised learning under cross-modal supervision. Arandjelovic and Zisserman

[2018]; Senocak et al. [2018] propose to learn audio-visual representation, and visualize

the learnt visual feature map. Rouditchenko et al. [2019] perform localization and separa-

tion tasks using only video frames or sound by disentangling concepts learned by CNNs.

Hu et al. [2019] cluster audio and visual representations within each modality, followed

by associating the resulting centroids with contrastive learning. Qian et al. [2020] propose

to localize the sound source via a bootstrap approach, where the approximate locations

of the objects are obtained from CAMs [Zhou et al., 2016a]. In Chapter 5, we propose a

new learning algorithm which automatically mines hard examples during training and show

significant boosts on audio-visual localization performance.
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2.3.2 Synchronization

In contrast to previous audio-visual correspondence learning, the objective of audio-visual

synchronization is to decide whether a given audio sample and a visual sequence are in-sync

or out-of-sync. The classic works of Hershey and Movellan [1999]; Slaney et al. [2000]

evaluate several statistical models in talking faces synchronization. Casanovas and Caval-

laro [2014] propose a method for synchronizing audio-visual recordings of the same events

from different cameras. Chung and Zisserman [2016a] employ a model for synchronizing

lip movements to audio speech, based on a dual-encoder architecture trained with con-

trasting learning. Follow-up works improved this pipeline by moving to noise-contrastive

objectives [Chung et al., 2019], or directly inferring the audio-visual offset conditional on

cross-similarity patterns [Kim et al., 2021]. Inspired by human perception, which ignores

large portions of the video in which no discriminative sounds exist, attention was inves-

tigated in [Khosravan et al., 2019] for audio-visual synchronization on speech data. Lip

synchronization models are extremely useful for various visual speech related tasks, such

as lipreading [Chung and Zisserman, 2016c; Afouras et al., 2019a], lip-syncing [Halperin

et al., 2019], active speaker detection [Chung and Zisserman, 2016a] and sign language

recognition [Albanie et al., 2020].

While the works above demonstrate strong synchronization performance, they are lim-

ited in terms of deployment as they are applicable only on videos that belong to human

speech. Recently, Korbar et al. [2018] defined a binary classification problem called

“Audio-Visual Temporal Synchronization” and adopted a curriculum learning strategy to

improve learned feature quality on multiple classes. Similar in spirit is the Audio-Visual

Scene Analysis by Owens and Efros [2018], but evaluates on more audio-visual tasks such

as audio-visual localization and audio-visual separation. Our method in Chapter 6 aims to

synchronize even broader sound classes (160 classes), while also outperform prior works

in the speech domain.
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2.3.3 Generation

Audio-to-Vision. Audio-to-visual generation aims to synthesize natural and intelligible

images/videos given audio input. Traditional approaches [Garrido et al., 2015; Fan et al.,

2015] are mainly limited to synthesize a talking face from speech audio of a specific per-

son. More recently, a encoder-decoder architecture is proposed in Chung et al. [2017a] to

generate a video of a talking face for more identities. In Chen et al. [2018], they extend the

former work to fuse audio and image embedding to generate multiple lip images at once by

designing a correlation loss to synchronize lip changes and speech changes. Furthermore, a

cascade GAN is introduced to generate talking face videos robust to different face shapes,

view angles, facial characteristics, and noisy audio conditions [Chen et al., 2019].

Vision-to-Audio. Many methods have been explored to extract audio information from

visual information, popular applications include generating speech using lip motion [Ephrat

et al., 2017; Le Cornu and Milner, 2017] or general video-to-audio translation [Owens et al.,

2016; Zhou et al., 2017]. Owens et al. [2016] predict hitting sounds based on the differ-

ent materials of objects and physical interactions. On the other hand, Zhou et al. [2017]

directly synthesize waveforms using visual frames with a SampleRNN-style model [Mehri

et al., 2016]. Chen et al. [2017] solve two generation tasks, Sound-to-Image and Image-to-

Sound, using conditional generative adversarial networks. Finally, a generative model in-

tegrating physics, audio, and graphics engines was proposed to construct a synthetic audio-

visual dataset [Zhang et al., 2017].

2.4 Transformers

The vanilla Transformer [Vaswani et al., 2017], a sequence-to-sequence model (Figure 2.3),

was originally introduced for NLP tasks in 2017. Lately, transformer variants have garnered

remarkable interests due to their strong performance across a range of domains like natu-

ral language processing [Devlin et al., 2019; Dai et al., 2019; So et al., 2019], computer

vision [Parmar et al., 2018a; Sun et al., 2019; Dosovitskiy et al., 2021; Carion et al., 2020;
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Arnab et al., 2021; Liu et al., 2021b] and speech processing [Dong et al., 2018; Gulati et al.,

2020a; Chen et al., 2021b].

Transformer architectures can be roughly grouped into three different models, Encoder-

only, Decoder-only and Encoder-Decoder. Among these models, the most popular Encoder-

only ones include BERT [Devlin et al., 2019] that is typically used for natural language un-

derstanding tasks, or RoBERTa [Liu et al., 2020] which removes the NSP objective during

training. The Decoder-only model, on the other hand, focus on language modeling such

as GPT V1-3 [Radford and Narasimhan, 2018; Radford et al., 2018; Brown et al., 2020].

BART [Lewis et al., 2020] extend BERT to an encoder-decoder architecture so that both

natural language understanding and generation can be performed. In Chapter 6, we use the

Encoder-only and Decoder-only Transformer models extensively for uni-modal sequence

modelling as well as for multi-modal fusion through attention, demonstrating state-of-the-

art results on audio-visual synchronization.

Regardless of transformer architectures, the self-attention modules play an important

role. Recent works improve the attention mechanism in various ways, including Sparse At-

tention [Child et al., 2019; Ho et al., 2020], Linearized Attention [Katharopoulos et al.,

2020; Parmar et al., 2018b], Prototype and Memory Compression [Vyas et al., 2020],

Low-rank Self-Attention [Guo et al., 2019], Attention with Prior [Yang et al., 2018] and im-

proved Multi-Head Mechanism [Li et al., 2018a]. Inspired by dilated convolutions [van den

Oord et al., 2016], Child et al. [2019] introduce sparse factorizations of the attention matrix,

which can effectively relax memory and computational requirements while maintaining the

performance on several benchmarks. Ho et al. [2020] employ independent attention mod-

ules over each axis of the image. The original dot-product attention was replaced by one

that uses locality-sensitive hashing to select key-value pairs for each query, changing the

complexity from O(L2) to O(L logL) in Kitaev et al. [2020]. Furthermore, linearized

transformers were introduced in Katharopoulos et al. [2020], where a linear formulation is

used to calculate self-attention weight, significantly reducing the memory. Similarly, per-

former [Choromanski et al., 2021] uses random feature maps that approximate the scoring

function of a Transformer. In contrast to reducing memory in the attention matrix, clustered

attention is proposed to only compute the attention for the centroids by firstly grouping the
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Figure 1: The Transformer - model architecture.

3.1 Encoder and Decoder Stacks

Encoder: The encoder is composed of a stack of N = 6 identical layers. Each layer has two
sub-layers. The first is a multi-head self-attention mechanism, and the second is a simple, position-
wise fully connected feed-forward network. We employ a residual connection [11] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
LayerNorm(x + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension dmodel = 512.

Decoder: The decoder is also composed of a stack of N = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position i can depend only on the known outputs at positions less than i.

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum
of the values, where the weight assigned to each value is computed by a compatibility function of the
query with the corresponding key.
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Figure 2: BERT input representation. The input embeddings are the sum of the token embeddings, the segmenta-
tion embeddings and the position embeddings.

The NSP task is closely related to representation-
learning objectives used in Jernite et al. (2017) and
Logeswaran and Lee (2018). However, in prior
work, only sentence embeddings are transferred to
down-stream tasks, where BERT transfers all pa-
rameters to initialize end-task model parameters.

Pre-training data The pre-training procedure
largely follows the existing literature on language
model pre-training. For the pre-training corpus we
use the BooksCorpus (800M words) (Zhu et al.,
2015) and English Wikipedia (2,500M words).
For Wikipedia we extract only the text passages
and ignore lists, tables, and headers. It is criti-
cal to use a document-level corpus rather than a
shuffled sentence-level corpus such as the Billion
Word Benchmark (Chelba et al., 2013) in order to
extract long contiguous sequences.

3.2 Fine-tuning BERT

Fine-tuning is straightforward since the self-
attention mechanism in the Transformer al-
lows BERT to model many downstream tasks—
whether they involve single text or text pairs—by
swapping out the appropriate inputs and outputs.
For applications involving text pairs, a common
pattern is to independently encode text pairs be-
fore applying bidirectional cross attention, such
as Parikh et al. (2016); Seo et al. (2017). BERT
instead uses the self-attention mechanism to unify
these two stages, as encoding a concatenated text
pair with self-attention effectively includes bidi-
rectional cross attention between two sentences.

For each task, we simply plug in the task-
specific inputs and outputs into BERT and fine-
tune all the parameters end-to-end. At the in-
put, sentence A and sentence B from pre-training
are analogous to (1) sentence pairs in paraphras-
ing, (2) hypothesis-premise pairs in entailment, (3)
question-passage pairs in question answering, and

(4) a degenerate text-? pair in text classification
or sequence tagging. At the output, the token rep-
resentations are fed into an output layer for token-
level tasks, such as sequence tagging or question
answering, and the [CLS] representation is fed
into an output layer for classification, such as en-
tailment or sentiment analysis.

Compared to pre-training, fine-tuning is rela-
tively inexpensive. All of the results in the pa-
per can be replicated in at most 1 hour on a sin-
gle Cloud TPU, or a few hours on a GPU, starting
from the exact same pre-trained model.7 We de-
scribe the task-specific details in the correspond-
ing subsections of Section 4. More details can be
found in Appendix A.5.

4 Experiments

In this section, we present BERT fine-tuning re-
sults on 11 NLP tasks.

4.1 GLUE
The General Language Understanding Evaluation
(GLUE) benchmark (Wang et al., 2018a) is a col-
lection of diverse natural language understanding
tasks. Detailed descriptions of GLUE datasets are
included in Appendix B.1.

To fine-tune on GLUE, we represent the input
sequence (for single sentence or sentence pairs)
as described in Section 3, and use the final hid-
den vector C 2 RH corresponding to the first
input token ([CLS]) as the aggregate representa-
tion. The only new parameters introduced during
fine-tuning are classification layer weights W 2
RK⇥H , where K is the number of labels. We com-
pute a standard classification loss with C and W ,
i.e., log(softmax(CW T )).

7For example, the BERT SQuAD model can be trained in
around 30 minutes on a single Cloud TPU to achieve a Dev
F1 score of 91.0%.

8See (10) in https://gluebenchmark.com/faq.

Figure 2.3: The vanilla transformer model and positional embeddings.
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queries into clusters, hence reducing the memory usage [Vyas et al., 2020]. The authors of

Liu* et al. [2018] propose Memory Compressed Attention (MCA) that reduces the num-

ber of keys and values using strided convolution. Another line of work exhibits a strong

preference for the locality as a prior attention, which was modeled in Yang et al. [2018] to

enhance the ability of capturing useful local context. Finally, Li et al. [2018a] introduce

an auxiliary disagreement regularization term into the loss function to encourage diversity

among different attention heads.
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Chapter 3

AutoCorrect: Deep Inductive Alignment
of Noisy Geometric Annotations

Honglie Chen Weidi Xie

Andrea Vedaldi Andrew Zisserman

Visual Geometry Group, University of Oxford

Abstract

We propose AutoCorrect, a method to automatically learn object-annotation alignments

from a dataset with annotations affected by geometric noise. The method is based on a

consistency loss that enables deep neural networks to be trained, given only noisy annota-

tions as input, to correct the annotations. When some noise-free annotations are available,

we show that the consistency loss reduces to a stricter self-supervised loss. We also show

that the method can implicitly leverage object symmetries to reduce the ambiguity arising

in correcting noisy annotations. When multiple object-annotation pairs are present in an

image, we introduce a spatial memory map that allows the network to correct annotations

sequentially, one at a time, while accounting for all other annotations in the image and

corrections performed so far. Through ablation, we show the benefit of these contributions,

demonstrating excellent results on geo-spatial imagery. Specifically, we show results using

a new Railway tracks dataset as well as the public INRIA Buildings benchmarks, achieving

new state-of-the-art results for the latter.

Published in the Proceedings of the British Machine Vision Conference (BMVC), 2019.
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3.1 Introduction

Digital images are nowadays collected in enormous quantities. An important example is

geo-spatial data, collected continuously by satellites, and containing a wealth of informa-

tion useful for urban planning, crop and forest management, disaster relief, climate mod-

elling, and many other applications. However, the scale of such datasets requires automated

processing via machine learning and, while machine learning methods are increasingly

powerful, providing annotations manually to train them can be prohibitively expensive.

The annotation costs may be substantially reduced if labels need not be very accurate. In

this case, it is sometimes possible to recycle annotations that were not collected specifically

for the images at hand. With geo-spatial data, for instance, there are publicly available

maps (e.g. OpenStreetMap, Google Maps) that can provide annotations for large areas of

the planet for free. However, while maps are generally accurate, they usually fail to match

satellite images exactly due to various issues. To list a few: 1) maps do not capture the

3D structure of features such as buildings or vegetation, leading to misaligned annotations

due to viewpoint variations; 2) maps may not be temporally synchronized with the satellite

data, thus failing to account for variations in buildings, roads and vegetation; 3) features

recorded in a map (e.g. subways) may not necessarily be visible in images and vice-versa.

Figure 3.1 shows examples of noisy geometric labels obtained from these data sources in

the INRIA buildings and our new Railway tracks datasets, and compares them with the

manually-corrected versions.

Noisy labels can severely impact the quality of learned object detectors, as shown in

satellite/aerial segmentation [Mnih and Hinton, 2012; Saito et al., 2016; Alshehhi et al.,

2017] and detection [Laptev et al., 2000; Hu et al., 2007]. Hence, in this paper, we consider

the problem of improving noisy labels to reduce or eliminate the impact of such noise on

learned models. Our method, AutoCorrect, is mostly concerned with registration noise,

which is usually the predominant noise type in geo-spatial data (Figure 3.1). We build a

model that takes a set of images and misaligned object annotations as input and shifts the

annotations to their correct image locations.
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(a) (b) (c) (d)

Figure 3.1: Example aerial images with noisy labels (Red) and accurate labels (Green). (a)
and (b) are extracted from the INRIA buildings dataset. (c) and (d) are examples in the
Railway tracks dataset. The original labels (Red) demonstrate the clear registration noise.
The cleaned labels (Green) show the corrections we aim to achieve (Human corrected).

There are several challenges. Satellite images usually contain multiple occurrences of

the same object types, which may lead to association errors. Geo-spatial images capture the

top of tall objects such as building and trees, whereas maps annotate their base. Finally, tall

objects (e.g. trees in Figure 3.1(c) or buildings) can occlude other objects or cast significant

shadows, so that some objects annotated in the map may effectively be invisible.

Given an image and a set of object annotations, AutoCorrect sequentially registers each

annotation to its corresponding object occurrence by estimating an instance-level trans-

formation. This is much more flexible than existing works that seek a single image-level

transformation and allows us to obtain substantial improvements compared to these (in-

deed, as will be seen in the results, the annotations are displaced independently per object,

and a single image-level correction will not suffice). However, this comes with several chal-

lenges. First, the model may not have access to any noise-free annotation, or at least not

be aware of which ones are noise-free, making the correction process ambiguous. Second,

there usually are several objects in each image, which means that the model must gener-

alise to an arbitrary number of object occurrences whilst avoiding errors due to duplicate

associations.

We solve the first problem by combining a geometric consistency loss, which is valid

even if the ground-truth annotations are unknown, with a self-supervised loss, which is re-

liable for annotations with a small amount of noise. We also show that the symmetry of
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certain objects such as roads provides an implicit constraint that makes registering annota-

tions much less ambiguous. We solve the second problem by introducing a spatial memory

map which represents all image annotations and reflects all previously-applied corrections.

3.2 Related work

Image alignment. Two very related works [Girard et al., 2018; Zampieri et al., 2018]

have shown good alignment performance by training a CNN to predict a displacement field

between a map and an image. Zampieri et al. [2018] uses a multi-scale CNN, and Girard

et al. [2018] improves performance by training jointly for both alignment and segmentation.

We compare to their results (and improve over them) in Section 3.4.

Inductive models and spatial memory. Explicit decomposition into repeated sub-tasks

and recursively solving the problem have been applied in neural programming [Zaremba

et al., 2016; Cai et al., 2017; Reed and de Freitas, 2016] and many visual tasks [Li et al.,

2018b; Romera-Paredes and Torr, 2015; Kowalski et al., 2017; Carreira et al., 2016; Ober-

weger et al., 2015; Gupta et al., 2018]. In Kowalski et al. [2017], each stage predicts a

landmark transformation that updates the keypoints iteratively. Similarly, an updater func-

tion is formulated in Oberweger et al. [2015] for hand pose alignment. Gupta et al. [2018]

proposes an inductive RNN to localize visual objects which can generalise to an arbitrary

number of inputs. Many of these methods use a form of spatial memory, though this isn’t

always made explicit. Others have used spatial memory for interactive image segmenta-

tion [Li et al., 2018b], and context reasoning in object detection [Chen and Gupta, 2017].

Cycle consistency. Assessing performance via cycling between two or more samples

is a commonly used technique in computer vision. Many successful tasks like optical

flow (with forward-backward consistency) [Sundaram et al., 2010], co-segmentation [Wang

et al., 2014], image matching [Zhou et al., 2015, 2016b], image translation [Zhu et al.,

2017] and domain adaptation [Hoffman et al., 2018] have shown its effectiveness. We

introduce here a geometric-consistency loss: that within an image, misaligned annotations

should be able to transform back to a single unique position.
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Figure 3.2: AutoCorrect architecture. The green dotted line shows the ground-truth label
for the example image of a railway track. In Stage 1, given an image-label pair (I, y), the
noisy annotation y is further perturbed by applying random transformations g1 and g2. In
Stage 2, the network Φ computes corrections ti = Φ(I, gi ·y), i = 1, 2, producing corrected
labels (tigi) · y which must satisfy the consistency equation Jc = 0 (see text). If y is known
to be a noise-free, then we can set g2 = t2 = 1 reducing Jc to the stricter constraint Js = 0.

Learning with imperfect annotation. Most works on learning with imperfect annota-

tions have considered classification, rather than registration. Examples include having a

small set of clean samples (as well as many noisy) [Xiao et al., 2015; Veit et al., 2017], using

robust loss functions [Ghosh et al., 2017; Patrini et al., 2017], or using a top-k loss [Berrada

et al., 2018].

3.3 Approach

Our goal is to train deep networks for the detection of visual objects while relying on

noisy annotations. While the approach is fairly general, we apply it to the detection of

objects such as building and roads in geo-spatial images, where noisy annotations can be

extracted from on-line data repositories such as mapping services. The mismatch between

annotations and images is sometimes large, as shown in Figure 3.1. Naı̈vely training a

model with these annotations leads to inaccurate predictions.

There are two main challenges. First, all annotations are potentially noisy and thus it

is not clear how the noise can be identified and removed. Second, as different objects in

the image may be misaligned in different ways, we must enable instance-level corrections
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while handling an arbitrary number of object instances per image. We address these chal-

lenges in three ways. First, we use a self-supervised consistency loss based on the fact

that multiple perturbations of the same label must always map to the same noiseless label.

Second, we show that the intrinsic symmetry of certain visual objects provides a powerful

implicit constraint that can reduce the ambiguity in the annotation clean-up process. Third,

we introduce the idea of inductive alignment, adjusting annotations one instance at a time,

sequentially, keeping track of the algorithm state by means of a spatial memory map. This

is implemented by a recurrent neural network (RNN), which applies the same alignment

logic to each annotation, but accounting for annotations already processed.

3.3.1 Single instance alignment

We start by describing a neural network architecture that can predict a translation and rota-

tion for an individual object annotation in order to better align it to the image content. Note

that, while this task may sound similar to object detection, it is in fact much easier as the

annotation cues us to the existence and rough location of an object.

At each step, the input to the model is a concatenation of the RGB image I ∈ R3×H×W

with a scalar label map y ∈ {0, 1}H×W which encodes the annotation as a binary image.

We know that the annotations can potentially be noisy, so we wish to learn a predictor

function that outputs the transformation (i.e.2 scalars for translation and 1 for rotation) to

align the image and annotation. This is implemented using a CNN that takes as input I and

y and outputs a transformation t:

t = Φ(I, y). (3.1)

The corrected annotation ŷ = t ·y is expressed as the transformed version of the annotation

y by the predicted transformation t ∈ G, where G is a group of transformations R2 → R2

such as 2D similarities. The symbol · denotes warping an image by a transformation. If the

annotation is noise-free, t is expected to be an identity matrix and ŷ = y. If the annotation is

noisy, the corrected annotation ŷ should approximate the underlying noise-free annotation

ygt, which however is never observed during training.

Model (3.1) has several useful geometric properties:
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Lemma 1. If ygt is the ground-truth annotation for image I and a perfect Φ is available,

then Φ(I, ygt) = 1 is the identity transformation. Furthermore, for all invertible transfor-

mations g ∈ G, we have Φ(g · I, y) = gΦ(I, y) and Φ(I, g · y) = Φ(I, y)g−1.

The lemma is easy to prove once we note that, if ygt is the ground-truth label of image

I , then g · ygt is the ground-truth label of image g · I . From this lemma, we can also see that

any annotation that can be recovered from an image must have the same symmetries as the

image itself.

Lemma 2. Let ŷ = Φ(I, y)·y be the annotation reconstructed from image I using model (3.1)

and assume that m ∈ G is a symmetry of the image, i.e.I = m · I . Then the reconstructed

annotation has the same symmetry, in the sense that ŷ = m · ŷ.

Proof. ŷ = Φ(I, y) · y = Φ(m · I, y) · y = mΦ(I, y) · y = m · ŷ.

This lemma shows that annotations can be predicted from images only if they have the

same symmetries as the images. For example, if the model labels a straight road with a

line, then the line must coincide to the road axis of symmetry. Hence image symmetries

implicitly constrain the predictor (3.1) (in the example of the road, the correction must

move the line onto the visual axis of symmetry of the road), reducing the ambiguity in

registering the annotation. Note that this effect does not require specific images to be

exactly symmetric; rather, it suffices that the object category is statistically symmetric (for

example it is not possible to tell the direction of a road even if there are a few trees on one

side, making the image asymmetric).

If we assume all annotations are correct, i.e.y = ygt, then Lemma 1 can be used to

train model (3.1) via self-supervised learning. The idea is to perturb the noise-free annota-

tions synthetically by applying a random transformation g ∈ G to the annotation y = ygt.

From Lemma 1, and using the assumption y = ygt, we have Φ(I, g · y) = Φ(I, y)g−1 =

1g−1 = g−1. We may capture this constrain in the self-supervised loss:

Js = ‖g−1 − Φ(I, g · y)‖2 (3.2)
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Figure 3.3: Correcting annotations sequentially using a memory map. Note, we demon-
strate our correction process in the AutoCorrect box, whereas the top Memory maps Visu-
alization box highlights the corrected annotation (white) on the satellite image. In detail,
at each step, the input to the network is the concatenation of the RGB image I , the image
of the annotation yi to be corrected, and a memory Mi−1 representing all other annotations,
part of which have already been corrected (we colour-code annotations not yet corrected).
An update function ρ, is applied to obtain the correction yi 7→ ti · yi and the latter is used
to update Mi.

However, in our case ygt is unknown so this loss can be used only as an approximation.

In this case, the constraint can be written in term of relative transformations. To this end,

consider applying two random transformations y1 = g1 · y and y2 = g2 · y to the annotation

y. From Lemma 1, we have Φ(I, g1 · y)g1 = Φ(I, y) = Φ(I, g2 · y)g2. This can be written

as a consistency loss:

Jc = ‖t1g1 − t2g2‖2, t1 = Φ(I, g1 · y), t2 = Φ(I, g2 · y). (3.3)

Intuitively, when two random transformations operate on one annotation, an ideal align-

ment model should be able to transform the annotation back to the same position, as ygt is

unique.

Overall, to train models on noisy data, we therefore consider a weighted combination

J = αs · Js + αc · Jc (details in Section 3.3.3).
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3.3.2 Inductive alignment

A naı̈ve implementation of model (3.1) may align single object instances well, but it would

fail when an image contains multiple object occurrences, especially when, as in satellite

images, these are spatially close and similar in appearance. In particular, independent

alignment may cause different noisy annotations to be incorrectly associated to the same

object occurrence. To tackle this challenge, we introduce an inductive alignment model

which uses an external spatial memory map to make the algorithm aware of all anno-

tations present in the image as well as to keep track of all correction processed so far.

Formally, given a training image I with n object annotations y = (y1, . . . , yn), our goal

can be seen as estimating the joint posterior density of the transformation matrix for all

the noisy object annotations p({ti}ni=1|I,y). Rather than modelling multiple object an-

notations simultaneously, we break this down as sequence of simpler steps, in which a

single transformation is predicted at a time, conditioned on the previous decisions, re-

sembling an autoregressive model. Formally, this autoregressive model can be written

as: P (t1, t2, . . . , tn|I,y) = P (t1|I,y)P (t2|I, t1,y) · · ·P (tn|I, {ti}n−1i=1 ,y). Note that this

process requires learning a sequence of models P (ti|I, t1, . . . , ti−1,y). Directly param-

eterising the relations among transformations is difficult and results in a model which is

rather opaque; instead, we propose to summarise the effect of conditioning on the previous

corrections t1, . . . , ti−1 via a spatial memory map Mi−1, ideally, the memory map should

represent all annotations and corrections performed so far except the annotation yi that is

currently being processed, formally:

P (ti|I, t1, . . . , ti−1,y) = P (ti|I,Mi−1, yi), Mi = Mi−1 + ti · yi − yi+1. (3.4)

An explicit example is illustrated in Figure 3.3, showing four railway track annotations

to be corrected. The algorithm starts with four binary masks, each coding one of the noisy

railway annotations, at the very first step, the memory M0 is composed of three annota-

tions (y2, y3, y4), and y1 is concatenated as additional input to the network Φ. Then, the

first annotation y1 is corrected by predicting the rigid transformation t1, and the memory

M1 is updated by adding the image of t1 · y1 and removing the image of annotation y2,
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readying for the next cycle. The induction process ends at M4, where all tracks have been

effectively corrected by the model. Note that the order we align instances is from left to

right and bottom to top.

3.3.3 Implementation details

Consider a training image I with n noisy object annotations y = (y1, . . . , yn). Annotations

are perturbed by applying random transformations g · yi where g is the composition of a

translation of up to 25px in each direction and a rotation of up to 5 degrees (clockwise or

anticlockwise) as this was found to be commensurate to the maximum amount of noise in

the geo-spatial datasets we used for assessment.

During early training, we set the gating parameters in the joint objective function J

as αs = αc = 1. This ensures the model converges quickly to an approximate solution

within a few pixels of the ground-truth annotation, despite the fact that annotations are

noisy so that term Js in the objective function is not exactly valid. In a second phase, when

the model is close to the final solution, the terms Js and Jc start to be in conflict for the

annotations that contain the largest amount of noise. Hence the coefficient αs and αc are

adjusted as follows:{
αs = 0, αc = 1 if min(IoU(t1g1 · y, y), IoU(t2g2 · y, y)) < 0.2 ,

αs = 1, αc = 0 otherwise,
(3.5)

where IoU denotes the standard Intersection over Union measure. This states that when

any of the predicted corrections is far away from the given label, the label is expected to

contain a large amount of noise, only the consistency loss Jc is applied; otherwise only the

stricter self-supervised loss Js is used.

Architecture and optimisation. The proposed AutoCorrect model uses as backbone ar-

chitecture the VGG-M network [Chatfield et al., 2014] with minor modifications (details in

the supplementary materiel). The network is trained using the Adam optimiser at an initial

learning rate of 10−4, which is divided by 10 after the training error plateaus.
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3.4 Experiments

The experiments thoroughly assess our AutoCorrect method on two benchmark datasets:

our own Railway tracks dataset and the INRIA buildings dataset. Project page: http:

//www.robots.ox.ac.uk/˜vgg/research/autocorrect/.

3.4.1 Datasets and evaluation

Railway tracks dataset. The Railway tracks dataset was obtained by extracting views of

railways in the UK region from Google Maps. We used zoom level 19, which corresponds

to approx. 0.5 meter/pixel (this is the minimum zoom level at which railway tracks can be

resolved) and results in images with a 640× 640 pixel resolution. The dataset contains ap-

proximately 35k overhead images of the tracks. Binary mask annotations are provided by

Google Maps to indicate the position of the railway tracks; however, the annotations are not

perfectly aligned with the images (shown in Figure 3.1). In order to evaluate the effective-

ness of the self-supervised learning loss, the consistency loss, and the spatial memory map,

we manually identify 4,000 images for which railway annotations are accurate. We use

these in the experiments by synthetically adding noise to these ground-truth annotations.

INRIA buildings dataset. The INRIA buildings dataset contains 360 images of 5,000×
5,000 pixels. This dataset may seem small compared to other deep learning datasets, but

as each image has a large spatial footprint, it contains a large number of buildings (13,614

buildings just in the test split). In order to directly compare with prior work, we adopt the

same data and evaluation protocol of Girard et al. [2018].

Evaluation metrics. In order to evaluate the effectiveness of the proposed AutoCorrect

model, For Railway tracks dataset, we assess railway alignment using the standard IoU

measure between the image of a noise-free label and the predicted correction of a noisy

label. For the INRIA buildings dataset, in order to compare with existing work, we adopt

the standard protocol and report results using the Percentage of Correct Keypoints (PCKs)

metric. The reason we apply the IoU measure on railway tracks is that railway tracks tend
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to be straight and long, so that, unlike for buildings, it is difficult to define keypoints. Note

that IoU is very sensitive for thin structures such as railroads.

Model Data Noise SMM Consist. IoU

A 3k 0% — × × 0.321
B 3k 0% — X × 0.425
C 3k 0% — X X 0.436
D 3k 20% Synth. X × 0.404
E 3k 20% Synth. X X 0.429
F 3k 40% Synth. X × 0.369
G 3k 40% Synth. X X 0.381
H 20k ∼40% Natural X × 0.417
I 20k ∼40% Natural X X 0.435
J 35k ∼40% Natural X X 0.445

Table 3.1: Railway tracks dataset results. The SMM and Con-
sist. refers to the spatial memory map and consistency loss re-
spectively.

3.4.2 Railway tracks results

Synthetic annotation noise. In the following, we use the 4,000 images with ground-truth

(i.e. correct) annotations, split as 3,000 for training the AutoCorrect network and 1,000 for

testing. With these image-annotation pairs, we aim to perform controlled experiments on

evaluating the effectiveness of the proposed components. First, we assess the effectiveness

of the spatial memory map by training our model using only the 3,000 noise-free anno-

tations and the self-supervised loss. Then, to evaluate the robustness of the consistency

loss against different levels of noise, we intentionally replace the noise-free annotations

with perturbed ones in training set, and train three sets of models, with resp. 0%, 20%, 40%

noisy annotations, and using or not using the consistency loss. During the testing stage, we

artificially perturb the 1,000 testing images three times, and apply our models to correct

the perturbed testing annotations. All artificial perturbations are composed of a random

translation up to 25px in each direction and a random rotation up to 5 degrees (clockwise

or anti-clockwise).
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As shown in Table 3.1, models A-G are trained on only 3k images with noise-free la-

bels or with the injection of synthetic noise in part of those. H, I, J are trained on real

annotation noise. First, to show that our spatial memory map plays an important role in the

instance alignment, we compare models A and B: the performance gap is significant (0.321

vs. 0.425 IoU), as the spatial memory map gives important contextual information. Second,

comparing models B and C shows that the consistency loss is beneficial even when training

on the noise-free subset of the data. We conjecture that this is because the consistency loss

acts as a regularizer. Third, to verify the effectiveness of the consistency loss in dealing

with noisy data, we note that as the noise ratio is increased (models D and F), the perfor-

mance of the model that uses only the self-supervised loss starts to drop dramatically (0.404

and 0.369 IoU); however, the transformation consistency loss improves the robustness to

noise significantly (models E and G, 0.429 and 0.381 IoU). Note that, when the noise ra-

tio is around 20%, model E actually performs about as well as model C, which learned

on noise-free annotations. This shows that models trained with transformation consistency

can discount almost entirely moderate amounts of noise.

Natural annotation noise. After demonstrating the concept in these controlled experi-

ments, we now train the network using the entire dataset (which we estimate to contain 40%

of labels with significant geometric distortion), using either 20k or 35k images and switch-

ing the consistency loss on and off to test its effectiveness once more. Similar to synthetic

annotation noise, we artificially perturb the 1,000 testing images to evaluate models trained

on natural annotation noise. The models I and J (20k/35k images, 0.435/0.445 IoU) show

that, even with substantial real annotation noise (∼40%), our model reaches similar or su-

perior performance to using a manually filtered dataset (C, 3k images, 0.436 IoU) with no

annotation noise. The advantage is that, while datasets I and J are large, they are obtained

“for free” without any manual filtering.

3.4.3 INRIA buildings dataset results

To evaluate our alignment method on the INRIA buildings dataset, we follow the standard

testing protocol introduced in [Girard et al., 2018; Zampieri et al., 2018] by randomly and
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Figure 3.4: INRIA buildings dataset results. We outperform all recent works; from around
10 pixels threshold, our result is 100% (i.e. it cannot be improved further).

independently perturbing the accurate annotations on 3 images of the city of San Francisco.

In contrast to generating displacement maps in [Girard et al., 2018; Zampieri et al., 2018],

we consider instance-level transformations. The testing labels are generated by randomly

and independently perturbing the accurate annotation instances to achieve an error compa-

rable to that of [Girard et al., 2018; Zampieri et al., 2018]. As shown in Figure 3.4, the

AutoCorrect approach outperforms all previous methods at all thresholds (in pixels). This

is because our method outputs transformation parameters for each instance independently,

whereas prior works outputs a displacement field map, which is less expressive. Further-

more, our consistency loss also works as a form of data augmentation which counters the

small size of the INRIA buildings dataset, further improving the performance.

Note that we learn to correct random and different perturbations of objects that co-occur

in the same image, therefore, our proposed local (per-object) correction is a better match

to the type of errors observed in practice in aerial datasets as the location of the shifted

annotations can be random and uncorrelated.

3.4.4 Qualitative results

As label noise of Satellite imagery is random, each instance label must be considered and

corrected individually. Our AutoCorrect models deal with geometric alignments on an

arbitrary number of instances, by aligning each instance sequentially. Figure 3.5 shows the
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AutoCorrect correction progression on testing data. Since the noise of each label is random,

our model handles it by iteratively correcting each semantic label individually. Figure 3.6

shows the AutoCorrect final predictions on a number of examples from the test data.

Figure 3.5: Correction progression. Red polygons refer to noisy labels, green to noise-free
labels, and yellow are our predictions. Noisy annotations are cleaned inductively.

(a) (b) (c) (d)

(e) (f) (g) (h)
.

Figure 3.6: Alignment results for the Railway tracks dataset examples (top row), and IN-
RIA buildings dataset (bottom row). The label noise of each instance (denoted in red) is
random i.e.local transformation of each instance is needed. Our predictions (denoted in
yellow) achieve accurate correction comparing to ground truth (Green), by predicting a
transformation on each instance. In reality, AutoCorrect can correct both noisy instance
with regular shape (a), as well as instances with complex shapes ((b) & (h)). Figures (c)
and (d) illustrate the capability of correcting an arbitrary number of instances.
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3.5 Conclusion

The AutoCorrect method is based on three ideas: a spatial memory map that enables anno-

tations to be adjusted sequentially while taking into account the other annotations and their

corrections, a consistency loss that enables the model to be trained without the knowledge

of any noise-free annotation, and a self-supervised loss that generates training data auto-

matically. AutoCorrect outperforms previously-published works and can learn to correct

almost for free from a large dataset where 40% of the annotations are heavily distorted,

and obtain results that are comparable to approaches that require noise-free annotations.

Finally, we have introduced the new Railway tracks benchmark.

Acknowledgement. We thank Kai Han, Erika Lu and Tengda Han for proofreading. Fi-

nancial support was provided by the EPSRC Programme Grant Seebibyte EP/M013774/1.
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Appendices

3.A Architecture details

In table 3.2 and table 3.3, we describe the architecture details used in the paper. Due to

input resolutions for the two datasets, the network architectures are slightly different. The

network layer name is denoted as “〈type〉〈kernel size〉-〈number of channels〉”.

Input (640 x 640 x 5)
conv7-96
maxpool

conv5-256
maxpool

conv5-512
maxpool

conv5-512
maxpool

conv5-512
maxpool
FC-4096
FC-4096

FC-3

Table 3.2: Architecture for Railway
tracks dataset.

Input (384 x 384 x 5)
conv7-96
maxpool

conv5-256
maxpool

conv5-512
maxpool

conv5-512
conv5-512
maxpool
FC-4096
FC-4096

FC-3

Table 3.3: Architecture for INRIA build-
ings dataset.

3.B More results from the AutoCorrect approach

We show additional railway alignment results in Figure 3.7 and Figure 3.8, as well as addi-

tional building alignment results in Figure 3.9 and Figure 3.10. In all figures, the original

noisy labels are denoted as red, our predictions are in yellow, and ground truth in green.

For the railway tracks, the noisy annotations are from actual samples, no synthetic pertur-

bations are added. For the INRIA buildings, we follow previous work [Girard et al., 2018],

and perturb the annotations with artificial transformation using their specified noise level.

As shown in the figures, our predictions achieve accurate alignments for both datasets.
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Image Noisy label Prediction Ground truth

Figure 3.7: Railway tracks alignment.
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Image Noisy label Prediction Ground truth

Figure 3.8: Railway tracks alignment.
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Image Noisy label Prediction Ground truth

Figure 3.9: INRIA buildings alignment.

45



Image Noisy label Prediction Ground truth

Figure 3.10: INRIA buildings alignment.
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Chapter 4

VGG-Sound: A Large-scale
Audio-Visual Dataset

Honglie Chen Weidi Xie

Andrea Vedaldi Andrew Zisserman

Visual Geometry Group, University of Oxford

Abstract

Our goal is to collect a large-scale audio-visual dataset with low label noise from videos

‘in the wild’ using computer vision techniques. The resulting dataset can be used for

training and evaluating audio recognition models. We make three contributions. First,

we propose a scalable pipeline based on computer vision techniques to create an audio

dataset from open-source media. Our pipeline involves obtaining videos from YouTube;

using image classification algorithms to localize audio-visual correspondence; and fil-

tering out ambient noise using audio verification. Second, we use this pipeline to cu-

rate the VGG-Sound dataset consisting of more than 200k videos for 309 audio classes.

Third, we investigate various Convolutional Neural Network (CNN) architectures and ag-

gregation approaches to establish audio recognition baselines for our new dataset. Com-

pared to existing audio datasets, VGG-Sound ensures audio-visual correspondence and is

collected under unconstrained conditions. Code and the dataset are available at http:

//www.robots.ox.ac.uk/˜vgg/data/vggsound/.
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Published in IEEE International Conference on Acoustics, Speech and Signal Process-

ing (ICASSP), 2020.

4.1 Introduction

Large-scale datasets [Everingham et al., 2010; Deng et al., 2009] have played a crucial

role. in many deep learning recognition tasks [Simonyan and Zisserman, 2015; He et al.,

2016; Hershey et al., 2017]. However in the audio domain, while several audio datasets

have been released in the past few years [Salamon et al., 2014; Foggia et al., 2015; Fonseca

et al., 2017; Mesaros et al., 2016], the data collection process usually requires extensive

human efforts, making it unscalable and often limited to narrow domains. AudioSet [Gem-

meke et al., 2017], is a large-scale audio-visual dataset containing over 2 million clips in

unconstrained conditions. This is a valuable dataset, but it required extensive human verifi-

cation in order to construct it. In contrast to these manually curated datasets, recent papers

have demonstrated the possibility of collecting high-quality human speech datasets in an

automated and scalable manner by using computer vision algorithms [Nagrani et al., 2017a,

2020; Chung et al., 2018].

In this paper, our objective is to collect a large-scale audio dataset, similar to AudioSet,

containing various sounds in the natural world and obtained ‘in the wild’ from uncon-

strained open-source media. We do this using a pipeline based on computer vision tech-

niques that guarantees audio-visual correspondence (i.e. the sound source is visually evi-

dent) and low label noise, but requires only minimal manual effort.

Train Val Test Total train Total Classes
130-900 20 50 177,837 199,467 309

Table 4.1: VGG-Sound Dataset Statistics. The number of clips for each class in the train/-
val/test partitions and the total numbers of train and classes.

Our contributions are three-fold: The first is to propose an automated and scalable

pipeline for creating an ‘in the wild’ audio-visual dataset with low label noise. By using

existing image classification algorithms, our method can generate accurate annotations,

circumventing the need for human annotation. Second, we use this method to curate
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VGG-Sound, a large-scale dataset with over 200k video clips (visual frames and audio

sound) for 309 audio classes, from YouTube videos. Each 10s clip contains frames that

show the object making the sound, and the audio track contains the the sound of the ob-

ject. There are at least 200 clips for each audio class. Our third contribution is to establish

several baselines for audio recognition on the new dataset. To this end, we investigate dif-

ferent architectures, VGGish [Simonyan and Zisserman, 2015; Gemmeke et al., 2017] and

ResNet [He et al., 2016] networks, as well as different aggregation approaches, global av-

erage pooling and NetVLAD [Arandjelovic et al., 2016; Xie et al., 2019], for training deep

CNNs on spectrograms extracted directly from the audio files with little pre-processing.

We expect VGG-Sound to be useful for both audio recognition and audio-visual pre-

diction tasks. The goal of audio recognition is to determine the semantic content of an

acoustic signal, e.g. recognizing the sound of a car engine, or a dog barking, etc. In ad-

dition, VGG-Sound is equally well suited for studying multi-modal audio-visual analysis

tasks, for example, audio grounding aims to localize a sound spatially, by identifying in

an image the object(s) emitting it [Arandjelovic and Zisserman, 2017; Kidron et al., 2005].

Another important task is to separate the sound of specific objects as they appear in a given

frame or video clip [Owens et al., 2016; Zhao et al., 2018b].

4.2 Related Work

Audio and audio-visual datasets. Several audio datasets exist, as shown in Table 4.2.

The UrbanSound dataset [Salamon et al., 2014] contains more than 8k urban sound record-

ings for 10 classes drawn from the urban sound taxonomy. The Mivia Audio Events

Dataset [Foggia et al., 2015] focuses on surveillance applications and contains 6k au-

dio clips for 3 classes. The Detection and Classification of Acoustic Scenes and Events

(DCASE) community organizes audio challenges annually, for example, the authors of

[Mesaros et al., 2019] released a dataset containing 17 classes with more than 56k audio

clips. These datasets are relatively clean, but the scale is often too small to train the data-

hungry Deep Neural Networks (DNNs).
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To remedy this shortcoming, a large-scale dataset of video clips was released by Google.

This dataset, called AudioSet, contains more than 2 million clips drawn from YouTube and

is helpful not only for audio research, but audio-visual research as well, where the audio

and visual modalities are analysed jointly. This dataset is a significant milestone, however,

the process used to curate AudioSet requires extensive human rating and filtering. In ad-

dition, the authors of Tian et al. [2018] manually curated a high-quality, but small dataset

that guarantees audio-visual correspondence for multi-modal learning, where the objects

or events that are the cause of a sound must also be observable in the visual stream.

Datasets # Clips Length # Class Video AV-C
UrbanSound [Salamon et al., 2014] 8k 8.75h 10 × ×

MIVIA [Foggia et al., 2015] 6k 29h 3 × ×
DCASE2017 [Mesaros et al., 2019] 57k 89h 17 × ×

FSD [Fonseca et al., 2017] 24k 119h 398 × ×
AudioSet [Gemmeke et al., 2017] 2.1m 5833h 527 X ×

AVE [Tian et al., 2018] 4k 11.5h 28 X X
VGG-Sound (Ours) 200k 550h 309 X X

Table 4.2: Statistics for recent audio datasets. “# Clips”, the number of clips in the dataset;
“Length”, the total duration of the dataset; “# Classes”, number of classes in the dataset;
“Video”, whether videos are available; “AV-C”, whether audios and videos correspond, in
the sense that the sound source is always visually evident within the video clip.

Audio Recognition. Audio Recognition, namely the problem of classifying sounds, has

traditionally been addressed by means of models such as Gaussian Mixture Models (GMM)

[Zhuang et al., 2010] and Support Vector Machines (SVM) [Temko and Nadeu, 2006]

trained by using hand-crafted low-dimension features such as the Mel Frequency Cepstrum

Coefficients (MFCCs) or i-vectors [Huang et al., 2013]. However, the performance of

MFCCs in audio recognition degrades rapidly in “unconstrained” environments that include

real-world noise [Yapanel et al., 2002; Hansen et al., 2001]. More recently, the success of

deep learning has motivated approaches based on CNNs [Takahashi et al., 2016; Hershey

et al., 2017] or RNNs [Parascandolo et al., 2016; Choi et al., 2017; Xu et al., 2018]. In this

paper, rather than developing complex DNN architectures specific to audio recognition, we

choose to illustrate the benefits of our new benchmark dataset by training baselines to serve

as comparison for future research. To this end, we train powerful ResNet architectures with
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the NetVLAD aggregation method for audio recognition tasks [Arandjelovic et al., 2016;

Xie et al., 2019].
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Figure 4.1: The top two rows of this figure shows example video frame and audio pairs of
VGG-Sound classes. the bottom bar chart demostrates VGG-Sound classes with sizes of
each audio class sorted by descending order.

4.3 The VGG-Sound dataset

VGG-Sound contains over 200k clips for 309 different sound classes. The dataset is audio-

visual in the sense that the object that emits each sound is also visible in the corresponding

video clip. Figure. 4.1 shows example cropped image frames, corresponding audio wave-

forms, and a histogram details the statistics for each class. Each sound class contains
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200–1000 10s clips, with no more than 2 clips per video. The set of sound labels is flat

(i.e. there is no hierarchy as in AudioSet). Sound classes can be loosely grouped as: people,

animals, music, sports, nature, vehicle, home, tools, and others. All clips in the dataset are

extracted from videos downloaded from YouTube, spanning a large number of challenging

acoustic environments and noise characteristics of real applications.

In the following sections, we describe the multi-stage approach that we have developed

to collect the dataset. The process can be described as a cascade that starts from a large

number of potential audio-visual classes and corresponding videos, and then progressively

filters out classes and videos to leave a smaller number of clips that are annotated reliably.

The number of classes and videos after each stage of this process is shown in Table 4.3.

The process is extremely scalable and only requires manual input at a few points for well

defined tasks.

Stages Goal # Classes # Videos

1 Candidate videos 600 1m
2 Visual verification 470 550k
3 Audio verification 390 260k
4 Iterative noise filtering 309 200k

Table 4.3: The number of classes and videos after each stage of the generation pipeline.
Note, classes with less than 100 videos are removed from the dataset.

4.3.1 Stage 1: Obtaining the class list and candidate videos.

The first step is to determine a tentative list of sound classes to include in the dataset. We

follow three guiding principles in order to generate this list. First, the sounds should be in

the wild, in the sense that they should occur in real life scenarios, as opposed to artificial

sound effects. Second, it must be possible to ground and verify the sounds visually. In other

words, our sound classes should have a clear visual connotation too, in the sense of being

predictable with reasonable accuracy from images alone. For instance, the sound ‘electric

guitar’ is visually recognizable as it is generally possible to visually recognize someone

playing a guitar, but ‘happy song’ and ‘pop music’ are not: these classes are too abstract
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for visual recognition and so they are not included in the dataset. Third, the classes should

be mutually exclusive. Although we initialize the list using the label hierarchies in existing

audio datasets [Gemmeke et al., 2017; Foggia et al., 2015; Fonseca et al., 2017] and other

hierarchical on-line sources, our classes are only leaf nodes in these hierarchies. In this

manner, the label set in VGG-Sound is flat and contains only one label for each clip. For

instance, if the clip contains the sound of a car engine, then the label will be only “car

engine”; the more general class “engine” is not included in the list.

The initial list of classes, constructed in this manner, had 600 items. Each class name

is used as a search query for YouTube to automatically download corresponding candi-

date videos. In order to increase the chance of obtaining relevant videos, the class names

are further transformed to generate variants of each textual query as follows: (1) forming

‘verb+(ing) object’ sentences, e.g. ‘playing electric guitar’,‘ringing church bells’, etc. (2)

submitting the query after translation to different languages, as is done in Carreira et al.

[2018], such as English, Spanish and Chinese, etc; (3) adding possible synonym phrase

which specify the same sounds, e.g. ‘steam hissing: water boiling, liquid boiling, etc.’ In

total, over 1m videos were downloaded from YouTube in this manner.

4.3.2 Stage 2: Visual verification.

The purpose of this stage is to verify and localize the visual signature in the downloaded

videos. In detail, for each VGG-Sound class, the corresponding visual signature is given

by image classifiers. For example, ‘playing violin’ and ‘cat meowing’ in VGG-Sound can

be matched directly to the OpenImage classifiers [Krasin et al., 2016] ‘violin’ and ‘cat’.

These associations are proposed automatically by matching keywords and then verified

manually.

However, half of VGG-Sound classes (e.g. ‘hail’, ’playing ukulele’) could not be

matched directly to OpenImage classifiers in this manner. To tackle this issue, we relaxe the

way sound labels are matched to visual labels via semantic word embeddings. Specifically,

we convert our 600 sound classes and the 5000 OpenImage classes to word2vec embed-

dings [Mikolov et al., 2013]. These embedding have 512 dimensions, so this step results in

matrices S ∈ R600×512 and O ∈ R5000×512, respectively for sound and image labels. We
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then compute the cosine similarity between the two matrices, resulting in an affinity matrix

A ∈ R600×5000 = SO> that represents the strength of the similarity between sound and

image classes. The top 20 OpenImage classes for each of the 600 sound classes are then se-

lected as the visual signature of the corresponding sound. For example, ‘hail’ was matched

to ‘nature, nature reserve, rain and snow mixed, lightning, thunderstorm, etc.’ and ‘playing

electric guitar’ to ‘electric guitar, guitar, acoustic-electric guitar, musical instrument, etc.’.

After determining these associations, the OpenImage pre-trained classifier are run on

the downloaded videos, and the 10 frames in the video that receive the highest prediction

score are selected provided the score is above an absolute confidence threshold of 0.2.

The frames that pass this test are assumed to contain the visual content selected by the

classifier. Clips are then created by taking 5 seconds at either side of these representative

frames. After this stage, the number of sound classes is reduced from the original 600 to

470, due either an initial scarcity of potential video matches or by failed visual verification.

4.3.3 Stage 3. Audio verification to remove negative clips.

Despite visual verification, our clips are still not guaranteed to contain the desired sound,

as an object being visible does not imply that it emits a sound at the same time; in fact,

we found that many clips where the correct object was in focus, contained instead generic

sounds from humans, such as a narrator describing an image or video, or background music.

Since these issues are fairly specific, we address them by finetuning the VGGish model with

only three sound classes: speech, music and others. The finetuned classifier is typically

reliable as most of the existing datasets offers higly clean data of these classes. We use it to

reject clips. For example, using a threshold 0.5, in ‘playing bass guitar’ videos, we reject

any clip for which “speech” is greater than the threshold, but allow music; while for ‘dog

barking’ videos, both speech and music are rejected. After this stage, there are 390 classes

left with at least 200 validated video clips. Note that our selection process aims to reject

“false positive” i.e. inappropriate sounds in each class, we do not attempt to use an audio

classifier to select positive clips as that risks losing hard positive audio samples.
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4.3.4 Stage 4: Iterative noise filtering.

For this final clean up stage of the process, 20 video clips are randomly sampled from

each class and manually checked (both visually and on audio) that they belong to the class.

Classes with at least 50% correct are kept and the other classes are discarded. The total set

of video clips remaining forms our candidate dataset. Note that, at this stage, the candidate

videos can be categorized by audio as one of three types: (i) audios that are clearly of the

correct category, i.e. easy positives; (ii) audios of the correct category, but with a mixture

of sounds, i.e. hard positives; or (iii) incorrect audios, i.e. false positive.

To further curate the candidate dataset, we make three assumptions: First, there is no

systematic bias in the noisy samples, by that we mean, the false positives are not from

the same category. Second, Deep CNNs tend to end up with different local minimas and

prediction errors, ensembling different models can therefore result in a prediction that is

both more stable and often better than the predictions of any individual member model.

Third, when objects emit sound, there exists particular visual patterns, e.g. a “chimpanzee

pant-hooting” will mostly happen with moving bodies.

Exploiting the first two assumptions, the videos of each class are randomly divided into

two sets, and an audio classifier is trained on half the candidate videos and used to predict

the class of the other half. This process is done twice so that each clip has 2 predictions. To

obtain relatively easy and precise postives, we keep the clips whose actual class-label falls

into the top-3 of the predictions from the ensembled models. In order to mine the harder

positives, we exploit the third assumption by computing visual features for the positive

clips, and perform visual retrieval from the rest of data that has been rejected by the audio

classifiers. Using a visual classifier can result in similar looking visual clips but disparate

hard-positive audio clips. Lastly, we train a new audio classifier (ResNet18) with all easy

and hard clips, and retrieve more data from that rejected so far. This increases the number

of video clips and forms our final dataset: VGG-Sound with 309 classes of over 200k

videos, and each class contains 200–1000 audio-visual corresponding clips. Note, we did a

deduplication process to remove repeated uploaded clips with different YouTube IDs. This

is done by removing the ones with same visual representations.
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4.4 Experiments

4.4.1 Experimental setup and Evaluation

Experimental setup. We investigate the audio recognition task on both AudioSet and

our new VGG-Sound dataset. As the two datasets contain different sound vocabularies,

at training time, we use subsets of common classes in both datasets (roughly 400k clips

from AudioSet and 120k clips from VGG-Sound). Similarly, at testing time, we select

the intersection of AudioSet and VGG-Sound to form a single testset called AStest (and

remove any videos in AStest that are in the training sets of AudioSet or VGG-Sound). This

leads 164 classes and 7k clips in AStest. In addition, we investigate how audio recognition

performs on VGG and ResNet backbone networks with/without NetVLAD aggregation

using our new VGG-Sound datasets.

Finally, we benchmark the audio classification task on the full VGG-Sound dataset,

which contains over 200k clips of 309 classes. Details of the train/val/test split are given in

Table 4.1.

Evaluation metrics. We adopt the evaluation metrics of Hershey et al. [2017], i.e. mean

average precision (mAP), AUC, and equivalent d-prime class separation.

4.4.2 Implementation details

During training, we follow Hershey et al. [2017] for data preprocessing for models trained

with VGGish models. For models trained on ResNet18, we randomly sample 5s from the

10s audio clip and apply a short-time Fourier transform on the sample, resulting a 257×500

spectrogram. During testing, we directly feed the entire 10s audio (257×1000 spectrogram)

into the network.

All experiments were trained using the Adam optimizer with cross entropy loss. The

learning rate starts with 10−3 and is reduced by a factor of 10 after training plateaus. We

use a sigmoid layer when training on AudioSet data since each video clip has multiple

labels. For models trained on VGG-Sound data, we use a softmax layer in the last layer.
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Note, as AudioSet audios contain multiple labels (3 on average), TopK accuracies are not

applicable.

4.4.3 Results

Model Agg Pre Train Test mAP AUC d-prime Top1 Top5
A VGGish / X AudioSet (c) ASTest 0.286 0.899 1.803 / /
B VGGish / X VGG-Sound (c) ASTest 0.326 0.916 1.950 0.331 0.570
C VGGish / × VGG-Sound (c) ASTest 0.301 0.910 1.900 0.318 0.560
D ResNet18 AP × VGG-Sound (c) ASTest 0.328 0.923 2.024 0.354 0.637
E ResNet18 NV × VGG-Sound (c) ASTest 0.369 0.927 2.058 0.375 0.647
F ResNet18 AP × VGG-Sound ASTest 0.404 0.944 2.253 0.404 0.679
G ResNet18 NV × VGG-Sound ASTest 0.434 0.950 2.327 0.421 0.706
H ResNet18 AP × VGG-Sound VGG-Sound 0.516 0.968 2.627 0.488 0.746
I ResNet18 NV × VGG-Sound VGG-Sound 0.512 0.970 2.660 0.484 0.741

Table 4.4: We compare the results using various combination of models, training sets
and test sets. “Agg” represents Aggregation, “AP” and “NV” refer to Average-Pool and
NetVLAD respectively. “Pre” refers to whether the model was pretrained on YouTube-8M
dataset, “VGG-Sound (c)” is the subset of the VGG-Sound training dataset that only con-
tains classes in common with AudioSet, “ASTest” is the intersection of the AudioSet and
VGG-Sound testsets, “Top1” and “Top5” refers to the top 1 and top 5 accuracy, respec-
tively.

From the experimental results in Table 4.4, we can draw the following conclusions:

First, when we adopt a pretrained model from Hershey et al. [2017] and finetune on Au-

dioSet (Model-A) and VGG-Sound (Model-B), despite AudioSet containing more data

than VGG-Sound, model-B still outperforms model-A on all metrics, we conjecture that

this is because the noise ratio of VGG-Sound is lower than that of AudioSet, as we wished

in our initial design objective. Second, training model-C (a VGGish model from scratch) on

VGG-Sound, gets slightly worse performance on all metrics than model-B, which shows

that pretraining on a large dataset helps boost the model’s performance. Third, when com-

paring model-D (trained with average pooling) and model-E (trained with NetVLAD), we

demonstrate the effectiveness of NetVLAD aggregation over the naı̈ve global average pool-

ing also beats the pretrained VGGish model (model-B). Finally, we train on the the full

training set of VGG-Sound and test on ASTest or the full VGG-Sound testing set. In

addition, both average pooling and NetVLAD aggregation are evluated (model-F∼I), the

best result achieves an mAP of 0.516 (model-H). Note, testing on full VGG-Sound test
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set (model-I) shows a better result comparing to the one testing only on ASTest (model-G).

This is because ASTest contains audioset testing clips which tend to have multiple sounds.

These are hard examples for model to predict, this can also be seen from the Top5 accuracy

as the gap between (model-I) and (model-G) is largely reduced.

4.5 Conclusion

In this paper, we propose an automated pipeline for collecting a large-scale audio-visual

dataset – VGG-Sound, which contains more than 200k videos and 309 classes for “un-

constrained” conditions. We also compare CNN architectures and aggregation methods to

provide baseline results for audio recognition on VGG-Sound.
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Chapter 5

Localizing Visual Sounds the Hard Way

Honglie Chen Weidi Xie Triantafyllos Afouras Arsha Nagrani

Andrea Vedaldi Andrew Zisserman

Visual Geometry Group, University of Oxford

Abstract

The objective of this work is to localize sound sources that are visible in a video with-

out using manual annotations. Our key technical contribution is to show that, by training

the network to explicitly discriminate challenging image fragments, even for images that

do contain the object emitting the sound, we can significantly boost the localization perfor-

mance. We do so elegantly by introducing a mechanism to mine hard samples and add them

to a contrastive learning formulation automatically. We show that our algorithm achieves

state-of-the-art performance on the popular Flickr SoundNet dataset. Furthermore, we in-

troduce the VGG-Sound Source (VGG-SS) benchmark, a new set of annotations for the

recently-introduced VGG-Sound dataset, where the sound sources visible in each video

clip are explicitly marked with bounding box annotations. This dataset is 20 times larger

than analogous existing ones, contains 5K videos spanning over 200 categories, and, differ-

ently from Flickr SoundNet, is video-based. On VGG-SS, we also show that our algorithm

achieves state-of-the-art performance against several baselines.

Published in the proceedings of the Conference on Computer Vision and Pattern Recog-

nition (CVPR), 2021.
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Figure 5.1: Visual Sound Source localization: We localize sound sources in videos with-
out manual annotation. Our key contribution is an automatic negative mining technique
through differentiable thresholding of a cross-modal correspondence score map, the back-
ground regions with low correlation to the given sound as ‘hard negatives’, and the regions
in the Tri-map is‘ignored’ in a contrastive learning framework.

5.1 Introduction

While research in computer vision largely focuses on the visual aspects of perception,

natural objects are characterized by much more than just appearance. Most objects, in

particular, emit sounds, either in their own right, or in their interaction with the environment

— think of the bark of a dog, or the characteristic sound of a hammer striking a nail. A full

understanding of natural objects should not ignore their acoustic characteristics. Instead,

modelling appearance and acoustics jointly can often help us understand them better and

more efficiently. For example, several authors have shown that it is possible to use sound

to discover and localize objects automatically in videos, without the use of any manual

supervision [Arandjelovic and Zisserman, 2018; Senocak et al., 2018; Harwath et al., 2018;

Owens and Efros, 2018; Hu et al., 2019; Afouras et al., 2020b].

In this paper, we consider the problem of localizing ‘visual sounds’, i.e. visual objects

that emit characteristics sounds in videos. Inspired by prior works [Arandjelovic and Zis-

serman, 2018; Senocak et al., 2018; Harwath et al., 2018], we formulate this as finding the

correlation between the visual and audio streams in videos. These papers have shown that

not only can this correlation be learned successfully, but that, once this is done, the result-

ing convolutional neural networks can be ‘dissected’ to localize the sound source spatially,

thus imputing it to a specific object. However, other than in the design of the architec-

ture itself, there is little in this prior work meant to improve the localization capabilities

of the resulting models. In particular, while several models [Arandjelovic and Zisserman,
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2018; Afouras et al., 2020b; Senocak et al., 2018] do incorporate a form of spatial attention

which should also help to localize the sounding object as a byproduct, these may still fail

to provide a good coverage of the object, often detecting too little or too much of it.

In order to address this issue, we propose a new training scheme that explicitly seeks

to spatially localize sounds in video frames. Similar to object detection [Viola and Jones,

2001], in most cases only a small region in the image contains an object of interest, in our

case a ‘sounding’ object, with the majority of the image often being ‘background’ which

is not linked to the sound. Learning accurate object detectors involves explicitly seeking

for these background regions, prioritizing those that could be easily confused for the object

of interest, also called hard negatives [Viola and Jones, 2001; Dalal and Triggs, 2005;

Girshick et al., 2014; Shrivastava et al., 2016; Ren et al., 2016; Lin et al., 2017]. Given

that we lack supervision for the location of the object making the sound, however, we are

unable to tell which boxes are positive or negative. Furthermore, since we seek to solve

the localization rather than the detection problem, we do not even have bounding boxes to

work with, as we seek instead a segmentation of the relevant image area.

In order to incorporate hard evidence in our unsupervised (or self-supervised) setting,

we propose an automatic background mining technique through differentiable threshold-

ing, i.e.regions with low correlation to the given sound are incorporated into a negatives

set for contrastive learning. Instead of using hard boundaries, we note that some regions

may be uncertain, and hence we introduce the concept of a Tri-map into the training pro-

cedure, leaving an ‘ignore’ zone for our model. To our knowledge, this is the first time that

background regions have been explicitly considered when solving the sound source local-

ization problem. We show that this simple change significantly boosts sound localization

performance on standard benchmarks, such as Flickr SoundNet [Senocak et al., 2018].

To further assess sound localization algorithms, we also introduce a new benchmark,

based on the recently-introduced VGG-Sound dataset [Chen et al., 2020a], where we pro-

vide high-quality bounding box annotations for ‘sounding’ objects, i.e. objects that produce

a sound, for more than 5K videos spanning 200 different categories. This dataset is 20×
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larger and more diverse than existing sound localization benchmarks, such as Flickr Sound-

Net (the latter is also based on still images rather than videos). We believe this new bench-

mark, which we call VGG-Sound Source, or VGG-SS for short, will be useful for further

research in this area. In the experiments, we establish several baselines on this dataset, and

further demonstrate the benefits of our new algorithm.

5.2 Related Work

5.2.1 Audio-Visual Sound Source Localization

Learning to localize sound sources by exploiting the natural co-occurrence of visual and

audio cues in videos has a long history. Early attempts to solve the task used shallow

probabilistic models [Hershey and Movellan, 1999; Fisher III et al., 2000; Kidron et al.,

2005], or proposed segmenting videos into spatio-temporal tubes and associating those to

the audio signal through canonical correlation analysis (CCA) [Izadinia et al., 2012].

Modern approaches solve the problem using deep neural networks — typically em-

ploying a dual stream, trained with a contrastive loss by exploiting the audio-visual corre-

spondence, i.e.matching audio and visual representations extracted from the same video.

For example, Arandjelovic and Zisserman [2018]; Senocak et al. [2018]; Harwath et al.

[2018]; Ramaswamy and Das [2020] associate the appearance of objects with their charac-

teristic sounds or audio narrations; Hu et al. [Hu et al., 2019] first cluster audio and visual

representations within each modality, followed by associating the resulting centroids with

contrastive learning; Qian et al. [Qian et al., 2020] proposed a weakly supervised approach,

where the approximate locations of the objects are obtained from CAMs to bootstrap the

model training. Apart from using correspondence, Owens and Efros [Owens and Efros,

2018] also localize sound sources through synchronization, a related objective also investi-

gated in earlier works [Marcheret et al., 2015; Chung and Zisserman, 2016a], while [Khos-

ravan et al., 2019] incorporate explicit attention in this model. Afouras et al. [Afouras et al.,

2020b] also exploit audio-visual concurrency to train a video model that can distinguish and

group instances of the same category.
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Alternative approaches solve the task using an audio-visual source separation objective.

For example, Zhao et al. [Zhao et al., 2018a] employ a mix-and-separate approach to learn

to associate pixels in video frames with separated audio sources, while Zhao et al. [Zhao

et al., 2019] extends this method by providing the model with motion information through

optical flow. Rouditchenko et al. [Rouditchenko et al., 2019] train a two-stream model to

co-segment video and audio, producing heatmaps that roughly highlight the object accord-

ing to the audio semantics. These methods rely on the availability of videos containing

single-sound sources, usually found in well curated datasets. In other related work, Gan et

al. [Gan et al., 2019] learn to detect cars from stereo sound, by distilling video object de-

tectors, while Gao et al. [Gao and Grauman, 2019] lift mono sound to stereo by leveraging

spatial information.

5.2.2 Audio-Visual Localization Benchmarks

Existing audio-visual localization benchmarks are summarised in Table 5.1 (focusing on

the test sets). The Flickr SoundNet sound source localization benchmark [Senocak et al.,

2018] is an annotated collection of single frames randomly sampled from videos of the

Flickr SoundNet dataset [Aytar et al., 2016; Thomee et al., 2016]. It is currently the

standard benchmark for the sound source localization task; we discuss its limitations in

Section 5.4, where we introduce our new benchmark. The Audio-Visual Event (AVE)

dataset [Tian et al., 2018], contains 4,143 10 second video clips spanning 28 audio-visual

event categories with temporal boundary annotations. LLP [Tian et al., 2020] contains of

11,849 YouTube video clips spanning 25 categories for a total of 32.9 hours collected from

AudioSet [Gemmeke et al., 2017]. The development set is sparsely annotated with object

labels, while the test set contains dense video and audio sound event labels on the frame

level. Note that the AVE and LLP test sets contain only temporal localization of sounds (at

the frame level), with no spatial bounding box annotation.
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Benchmark Datasets # Data # Classes Video BBox

Flickr SoundNet [Senocak et al., 2018] 250 ∼50‡ × X
AVE [Tian et al., 2018]† 402 28 X ×
LLP [Tian et al., 2020]† 1,200 25 X ×
VGG-SS 5,158 220 X X

Table 5.1: Comparison with the existing sound-source localization benchmrks. Note that
VGG-SS has more images and classes. †These datasets contain only temporal localization
of sounds, not spatial localization. ‡We determined this via manual inspection.

Figure 5.2: Architecture Overview. We use an audio-visual pair as input to a dual-stream
network shown in (a), f(·; θ1) and g(·; θ2), denoting the visual and audio feature extractor
respectively. Cosine similarity between the audio vector and visual feature map is then
computed, giving us a heatmap of size 14 × 14. (b) demonstrates the soft threshold being
applied twice with different parameters, generating positive, negative regions. The final
Tri-map and the uncertain region are highlighed in (c).

5.3 Method

Our goal is to localize objects that make characteristic sounds in videos, without using any

manual annotation. Similar to prior work [Arandjelovic and Zisserman, 2018], we use a

two-stream network to extract visual and audio representations from unlabeled video. For

localization, we compute the cosine similarity between the audio representation and the

visual representations extracted convolutionally at different spatial locations in the images.

In this manner, we obtain a positive signal that pulls together sounds and relevant spatial

locations. For learning, we also need an opposite negative signal. A weak one is obtained

by correlating the sound to locations in other, likely irrelevant videos. Compared to prior

work [Arandjelovic and Zisserman, 2018; Afouras et al., 2020b], our key contribution is to
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also explicitly seek for hard negative locations that contain background or non-sounding

objects in the same images that contain the sounding ones, leading to more selective and

thus precise localization. An overview of our architecture can be found in Figure 5.2.

While the idea of using hard negatives is intuitive, an effective implementation is less

trivial. In fact, while we seek for hard negatives, there is no hard evidence for whether any

region is in fact positive (sounding) or negative (non-sounding) as videos are unlabeled.

An incorrect classification of a region as positive or negative can throw off the localization

algorithm entirely. We solve this problem by using a robust contrastive framework that

combines soft thresholding and Tri-maps, which enables us to handle uncertain regions

effectively.

In sections 5.3.1 to 5.3.3 we first describe the task of audio-visual localization using

contrastive learning in its oracle setting, assuming, for each visual-audio pair, we do have

the ground-truth annotation for which region in the image is emitting the sound. In sec-

tion 5.3.4, we introduce our proposed idea, which replaces the oracle, and discuss the

difference between our method and existing approaches.

5.3.1 Audio-Visual Feature Representation

Given a short video clip with N visual frames and audio, and considering the center frame

as visual input, i.e. X = {I, a}, I ∈ R3×Hv×Wv , a ∈ R1×Ha×Wa . Here, I refers to the visual

frame, and a to the spectrogram of the raw audio waveform. In this manner, representations

for both modalities can be computed by means of CNNs, which we denote respectively

f(·; θ1) and g(·; θ2). For each video Xi, we obtain visual and audio representations:

Vi = f(Ii; θ1), Vi ∈ Rc×h×w, (5.1)

Ai = g(ai; θ2), Ai ∈ Rc. (5.2)

Note that both visual and audio representation have the same number of channels c, which

allows to compare them by using dot product or cosine similarity. However, the video

representation also has a spatial extent h× w, which is essential for spatial localization.
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5.3.2 Audio-Visual Correspondence

Given the video and audio representations of eqs. (5.1) and (5.2), we put in correspon-

dence the audio of clip i with the image of clip j by computing the cosine similarity of the

representations, using the audio as a probe vector:

[Si→j]uv =
〈Ai, [Vj]:uv〉
‖Ai‖ ‖[Vi]:uv‖

, uv ∈ [h]× [w].

This results in a map Si→j ∈ Rh×w indicating how strongly each image location in clip

j responds to the audio in clip i. To compute the cosine similarity, the visual and audio

features are L2 normalized. Note that we are often interested in correlating images and

audio from the same clip, which is captured by setting j = i.

5.3.3 Audio-Visual Localization with an Oracle

In the literature, training models for audio-visual localization has been treated as learn-

ing the correspondence between these two signals, and formulated as contrastive learn-

ing [Senocak et al., 2018; Arandjelovic and Zisserman, 2018; Hu et al., 2019; Afouras

et al., 2020b; Qian et al., 2020].

Here, before diving into the self-supervised approach, we first consider the oracle

setting for the contrastive learning where ground-truth annotations are available. This

means that we are given a training set D = {d1, d2, . . . , dk}, where each training sample

di = (Xi,mi) consists of a audio-visual sample Xi, as given above, plus a segmentation

mask mi ∈ Bh×w with ones for those spatial locations that overlap with the object that

emits the sounds, and zeros elsewhere. During training, the goal is therefore to jointly opti-

mize f(·; θ1) and g(·; θ2), such that Si→i gives high responses only for the region that emits

the sound present in the audio. In this paper, we consider a specific type of contrastive

learning, namely InfoNCE [Oord et al., 2018; Han et al., 2019].
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Optimization. For each clip i in the dataset (or batch), we define the positive and negative

responses as:

Pi =
1

|mi|
〈mi, Si→i〉,

Ni =
1

|1−mi|
〈1−mi, Si→i〉︸ ︷︷ ︸

hard negatives

+
1

hw

∑
i 6=j
〈1, Si→j〉︸ ︷︷ ︸

easy negatives

.

where 〈·, ·〉 denotes Frobenius inner product. To interpret this equation, note that the inner

product simply sums over the element-wise product of the specified tensors and that 1

denotes a h×w tensor of all ones. The first term in the expression for Ni refers to the hard

negatives, calculated from the “background” (regions that do not emit the characteristic

sound) within the same image, and the second term denotes the easy negatives, coming

from other images in the dataset. The optimization objective can therefore be defined as:

L = −1

k

k∑
i=1

[
log

exp(Pi)

exp(Pi) + exp(Ni)

]

Discussion. Several existing approaches [Senocak et al., 2018; Harwath et al., 2018;

Arandjelovic and Zisserman, 2018; Afouras et al., 2020b] to self-supervised audio-visual

localization are similar. The key difference lies in the way of constructing the positive

and negative sets. For example, in [Senocak et al., 2018] a heatmap generated by using

the soft-max operator is used to pool the positives and images from other video clips are

treated as negatives; instead, in [Arandjelovic and Zisserman, 2018], positives come from

max pooling the correspondence map, Si→i and the negatives from max pooling Si→j for

j 6= i. Crucially, all such approaches have missed the hard negatives term defined above,

computed from the background regions within the same images that do contain the sound.

Intuitively this term is important to obtain a shaper visual localization of the sound source;

however, while this is easy to implement in the oracle setting, obtaining hard negatives in

self-supervised training requires some care, as discussed next.
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5.3.4 Self-supervised Audio-Visual Localization

In this section, we describe a simple approach for replacing the oracle, and continuously

bootstrapping the model to achieve better localization results. At a high level, the proposed

idea inherits the spirit of self-training, where predictions are treated as pseudo-ground-truth

for re-training.

Specifically, given a dataset D = {X1, X2, . . . , Xk} where only audio-visual pairs are

available (but not the masks mi), the correspondence map Si→i between audio and visual

input can be computed in the same manner as section 5.3.2. To get the pseudo-ground-truth

mask m̂i, we could simply threshold the map Si→i:

m̂i =

{
1, if Si→i ≥ ε

0, otherwise

Clearly, however, this thresholding, which uses the Heaviside function, is not differentiable.

Next, we address this issue by relaxing the thresholding operator.

Smoothing the Heaviside function. Here, we adopt a smoothed thresholding operator in

order to maintain the end-to-end differentiability of the architecture:

m̂i = sigmoid((Si→i − ε)/τ)

where ε refers to the thresholding parameter, and τ denotes the temperature controlling the

sharpness.

Handling uncertain regions. Unlike the oracle setting, the pseudo-ground-truth obtained

from the model prediction may potentially be noisy, we therefore propose to set up an “ig-

nore” zone between the positive and negative regions, allowing the model to self-tune. In

the image segmentation literature, this is often called a Tri-map and is also used for mat-

ting [Chuang et al., 2002; Tao et al., 2018]. Conveniently, this can be implemented by

applying two different ε’s, one controlling the threshold for the positive part and the other

for the negative part of the Tri-map.
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Training objective. We are now able to replace the oracle while computing the positives

and negatives automatically. This leads to our final formulation:

m̂ip = sigmoid((Si→i − εp)/τ)

m̂in = sigmoid((Si→i − εn)/τ)

Pi =
1

|m̂ip|
〈m̂ip, Si→i〉

Ni =
1

|1− m̂in|
〈1− m̂in, Si→i〉+

1

hw

∑
j 6=i
〈1, Si→j〉

L = −1

k

k∑
i=1

[
log

exp(Pi)

exp(Pi) + exp(Ni)

]
where εp and εn are two thresholding parameters (validated in experiment section), with

εp > εn. For example if we set εp = 0.6 and εn = 0.4, regions with correspondence scores

above 0.6 are considered positive and bellow 0.4 negative, while the areas falling within the

[0.4, 0.6] range are treated as “uncertain” regions and ignored during training (Figure 5.2).

5.4 The VGG-Sound Source Benchmark

As mentioned in Section 5.2, the SoundNet-Flickr sound source localization benchmark

[Senocak et al., 2018] is commonly used for evaluation in this task. However, we found it

to be unsatisfactory in the following aspects: i) both the number of total instances (250) and

sounding object categories (approximately 50) that it contains are limited, ii) only certain

reference frames are provided, instead of the whole video clip, which renders it unsuitable

for the evaluation of video models, and iii) it provides no object category annotations.

In order to address these shortcomings, we build on the recent VGG-Sound dataset [Chen

et al., 2020a] and introduce VGG-SS, an audio-visual localization benchmark based on

videos collected from YouTube.

5.4.1 Test Set Annotation Pipeline

In the following sections, we describe a semi-automatic procedure to annotate the objects

that emit sounds with bounding boxes, which we apply to obtain VGG-SS with over 5k

video clips, spanning 220 classes.
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(1) Automatic bbox generation. We use the entire VGG-Sound test set, containing 15k

10-second video clips, and extract the center frame from each clip. We use a Faster R-CNN

object detector [Ren et al., 2016] pretrained on OpenImages to predict the bounding boxes

of all relevant objects. Following Chen et al. [2020a], we use a word2vec model to match

visual and audio categories that are semantically similar. At this stage, there are roughly

8k frames annotated automatically.

(2) Manual image annotation. We then annotate the remaining frames manually. There

are three main challenges at this point: (i) there are cases where localization is extremely

difficult or impossible, either because the object is not visible (e.g. in extreme lighting

conditions), too small (‘mosquito buzzing’), or is diffused throughout the frame (‘hail’,

‘sea waves’, ‘wind’); (ii) the sound may originate either from a single object, or from the

interactions between multiple objects and a consistent annotation scheme must be decided

upon; and finally (iii), there could be multiple instances of the same class in the same frame,

and it is challenging to know which of the instances are making the sound from a single

image.

We address these issues in three ways: First, we remove categories (e.g. mainly en-

vironmental sounds such as wind, hail etc) that are challenging to localize, roughly 50

classes; Second, as illustrated in Figure 5.3(a), when the sound comes from the interaction

of multiple objects, we annotate a tight region surrounding the interaction point; Third, if

there are multiple instances of the same sounding object category in the frame, we annotate

each separately when there are less than 5 instances and they are separable, otherwise a sin-

gle bounding box is drawn over the entire region, as shown in the top left image (‘human

crowd’) in Figure 5.3(a).

(3) Manual video verification. Finally, we conduct manual verification on videos using

the VIA software [Dutta and Zisserman, 2019]. We do this by watching the 5-second video

around every annotated frame, to ensure that the sound corresponds with the object in the
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(a) VGG-SS benchmark examples

41.2%
28.5%

16.3%

9.
97
%

4.1%

0.0~0.2
0.2~0.4
0.4~0.6
0.6~0.8
0.8~1.0

(b) Bounding box areas

89.6%

7.41%
2.98% 1

2
>2

(c) Number of bounding boxes

Figure 5.3: VGG-SS Statistics. Figure 5.3(a): Example VGG-SS images and annotations
showing class diversity (humans, animals, vehicles, tools etc.) Figure 5.3(b): Distribution
of bounding box areas in VGG-SS, the majority of boxes cover less than 40% of the image
area. Figure 5.3(c) shows the distribution of number of bounding boxes - roughly 10% of
the test data is challenging with more than one bounding box per image.

bounding box. This is particularly important for the cases where there are multiple can-

didate instances present in the frame, however, only one is making the sound, e.g. human

singing.

The statistics after every stage of the process and the final dataset are summarised in

Table 5.2. The first stage generates bounding box candidates for the entire VGG-Sound test

set (309 classes, 15k frames); the manual annotation process then removes unclear classes

and frames, resulting in roughly 260 classes and 8k frames. Our final video verification

further cleans up the the test set, yielding a high-quality large-scale audio-visual benchmark

— VGG-Sound Source (VGG-SS), which is 20 times larger than the existing one [Senocak

et al., 2018].
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Stage Goal # Classes # Videos

1 Automatic BBox Generation 309 15k
2 Manual Annotation 260 8k
3 Video Verification 220 5k

Table 5.2: The number of classes and videos in VGG-SS after each annotation stage.

5.5 Experiments

In the following sections, we describe the datasets, evaluation protocol and experimental

details used to thoroughly assess our method.

5.5.1 Training Data

For training our models, we consider two large-scale audio-visual datasets, the widely used

Flickr SoundNet dataset and the recent VGG-Sound dataset, as detailed next. Only the

center frames of the raw videos are used for training. Note, other frames e.g.(3/4 of the

video) are tried for training, no considerable performance change is observed.

Flickr SoundNet: This dataset was initially proposed in Aytar et al. [2016] and con-

tains over 2 million unconstrained videos from Flickr. For a fair comparison with recent

work [Senocak et al., 2018; Hu et al., 2019; Qian et al., 2020], we follow the same data

splits, conducting self-supervised training with subsets of 10k or 144k image and audio

pairs.

VGG-Sound: VGG-Sound was recently released with over 200k clips for 309 different

sound categories. The dataset is conveniently audio-visual, in the sense that the object that

emits sound is often visible in the corresponding video clip, which naturally suits the task

considered in this paper. Again, to draw fair comparisons, we conduct experiments with
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training sets consisting of image and audio pairs of varying sizes, i.e. 10k, 144k and the

full set.

5.5.2 Evaluation protocol

In order to quantitatively evaluate the proposed approach, we adopt the evaluation metrics

used in Senocak et al. [2018]; Qian et al. [2020]: Consensus Intersection over Union (cIoU)

and Area Under Curve (AUC) are reported for each model on two test sets, as detailed next.

Flickr SoundNet Testset: Following [Senocak et al., 2018; Hu et al., 2019; Qian et al.,

2020], we report performance on the 250 annotated image-audio pairs of the Flickr Sound-

Net benchmark. Every frame in this test set is accompanied by 20 seconds of audio, cen-

tered around it, and is annotated with 3 separate bounding boxes indicating the location of

the sound source, each performed by a different annotator.

VGG-Sound Source (VGG-SS): We also re-implement and train several baselines on

VGG-Sound and evaluate them on our proposed VGG-SS benchmark, described in sec-

tion 5.4.

5.5.3 Implementation details

As Flickr SoundNet consists of image-audio pairs, while VGG-Sound contains short video

clips, when training on the latter we select the middle frame of the video clip and extract

a 3s audio segment around it to create an equivalent image-audio pair. Audio inputs are

257 × 300 magnitude spectrograms. The dimensions for the audio output from the audio

encoder CNN is a 512D vector, which is max-pooled from a feature map of 17× 13× 512,

where 17 and 13 refer to the frequency and time dimension respectively. For the visual

input, we resize the image to a 224 × 224 × 3 tensor without cropping. For both the

visual and audio stream, we use a lightweight ResNet18 [He et al., 2016] as a backbone.
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Following the baselines [Hu et al., 2019; Qian et al., 2020], we also pretrain the visual

encoder on ImageNet. We use εp = 0.65 and εn = 0.4, τ = 0.03, that are picked by ablation

study. All models are trained with the Adam optimizer using a learning rate of 10−4 and a

batch size of 256. During testing, we directly feed the full length audio spectrogram into

the network.

5.6 Results

Method Training set CIoU AUC

Attention10k [Senocak et al., 2018] Flickr10k 0.436 0.449
CoarsetoFine [Qian et al., 2020] Flickr10k 0.522 0.496
AVObject [Afouras et al., 2020b] Flickr10k 0.546 0.504
Ours Flickr10k 0.582 0.525
Ours VGG-Sound10k 0.618 0.536

Attention10k [Senocak et al., 2018] Flickr144k 0.660 0.558
DMC [Hu et al., 2019] Flickr144k 0.671 0.568
Ours Flickr144k 0.699 0.573
Ours VGG-Sound144k 0.719 0.582
Ours VGG-Sound Full 0.735 0.590

Table 5.3: Quantitative results on Flickr SoundNet testset. We outperform all recent works
using different training sets and number of training data.

Model Pos ε Neg ε Tri-map CIoU AUC

a X (0.6) × × 0.675 0.568
b X (0.6) X (0.6) × 0.667 0.544

c X (0.6) X (0.45) X 0.700 0.568
d X (0.65) X (0.45) X 0.703 0.569
e X (0.65) X (0.4) X 0.719 0.582
f X (0.7) X (0.3) X 0.687 0.563

Table 5.4: Ablation study. We investigate the effects of the hyper-parameters for defining
positive and negative regions, where the picked value is specified in the bracket.

In the following sections, we first compare our results with recent work on both Flickr

SoundNet and VGG-SS dataset in detail. Then we conduct an ablation analysis showing
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the importance of the hard negatives and the Tri-map in self-supervised audio-visual local-

ization.

5.6.1 Comparison on the Flickr SoundNet Test Set

In this section, we compare to recent approaches by training on the same amount of data

(using various different datasets). As shown in Table 5.3, we first fix the training set to

be Flickr SoundNet with 10k training samples and compare our method with Arandjelovic

and Zisserman [2018]; Qian et al. [2020]; Harwath et al. [2018]. Our approach clearly

outperforms the best previous methods by a substantial gap (0.546% vs. 0.582%). Second,

we also train on VGG-Sound using 10k random samples, which shows the benefit of using

VGG-Sound for training. Third, we switch to a larger training set consisting of 144k sam-

ples, which gives us a further 5% improvement compared to the previous state-of-the-art

method [Hu et al., 2019]. In order to tease apart the effect of various factors in our pro-

posed approach, i.e. introducing hard negative and using a Tri-map vs different training

sets, i.e. Flickr144k vs. VGG-Sound144k, we conduct an ablation study, as described next.

5.6.2 Ablation Analysis

In this section, we train our method using the 144k-samples training data from VGG-Sound

and evaluate it on the Flickr SoundNet test set, as shown in Table 5.4.

On introducing hard negative and Tri-map. While comparing model a trained using

only positives and model b adding negatives from the complementary region decreases

performance slightly. This is because all the non-positive areas have been counted as neg-

atives, whereas regions around the object are often hard to define. Therefore deciding for

all pixels whether they are positive or negative is problematic. Second, comparing model b

and model c-f where some areas between positives and negatives are ignored during train-

ing by using the Tri-map, we obtain a large gain (around 2-4%), demonstrating the impor-

tance of defining an “uncertain” region and allowing the model to self-tune.
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(a)

(b)

Figure 5.4: Example Tri-map visualizations. We show images, heatmaps and Tri-maps
here. The Tri-map effectively identify the objects and the uncertain region let the model
only learn controlled hard negatives.
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On hyperparameters. we observe the model is generally robust to different set of hyper-

parameters on defining the positive and negative regions, model-e (εp = 0.65 and εn = 0.4)

strives the best balance.

Method CIoU AUC

Attention10k [Senocak et al., 2018] 0.185 0.302
AVobject [Afouras et al., 2020b] 0.297 0.357
Ours 0.344 0.382

Table 5.5: Quantitative results on the VGG-SS testset. All models are trained on VGG-
Sound 144k and tested on VGG-SS.

5.6.3 Comparison on VGG-Sound Source

In this section, we evaluate the models on the newly proposed VGG-SS benchmark. As

shown in Table 5.5, the CIoU is reduced significantly for all models compared to the re-

sults in Table 5.3, showing that VGG-SS is a more diverse and challenging benchmark

than Flickr SoundNet. However, our proposed method still outperforms all other baseline

methods by a large margin of around 5%.

5.6.4 Qualitative results

In Figure 5.4, we threshold the heatmaps with different thresholds, e.g. εp = 0.65 and εn =

0.4 (same as the ones used during training). The objects and background are accurately

highlighted in the positive region and negative region respectively, so that the model can

learn proper amount of hard negatives. We visualize the prediction results in Figure 5.5,

and note that the proposed method presents much cleaner heatmap outputs. This once again

indicates the benefits of considering hard negatives during training.

5.6.5 Open Set Audio-visual Localization

We have so far trained and tested our models on data containing the same sound categories

(closed set classification). In this section we determine if our model trained on heard/seen

categories can generalize to classes that have never been heard/seen before, i.e.to an open
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(a) Visualization on Flickr SoundNet testset

(b) Visualization on VGG-SS testset

Figure 5.5: Qualitative results for models trained on various methods and data amount.
The first column shows annotation overlaid on images, the following two column shows
predictions trained on 10k data and the last tow column show predictions trained on 144k
data. Our method has no false positives in the predictions as the hard negatives are pe-
nalised in the training.
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set scenario. To test this, we randomly sample 110 categories (seen/heard) from VGG-

Sound for training, and evaluate our network on another disjoint set of 110 unseen/unheard

categories (for a full list please refer to appendix). We use roughly 70k samples for both

heard and unheard classes.

# training Data Test class CIoU AUC

70k Heard 110 0.289 0.362
70k Unheard 110 0.263 0.347

Table 5.6: Quantitative results on VGG-SS for unheard classes. We vary the training set
(classes) and keep the testing set fixed (subset of the VGG-SS).

Heard and unheard evaluations are shown in Table 5.6, where for the heard split we

also train the model on 70k samples containing both old and new classes. The difference

in performance is only 2%, which demonstrates the ability of our network to generalize

to unheard or unseen categories. This is not surprising due to the similarity between sev-

eral categories. For example, if the training corpus contains human speech, one would

expect the model to be capable of localizing human singing, as both classes share semantic

similarities in audio and visual features.

5.7 Conclusion

We revisit the problem of unsupervised visual sound source localization. For this task, we

introduce a new large-scale benchmark called VGG-Sound Source, which is more chal-

lenging than existing ones such as Flickr SoundNet. We also suggest a simple, general

and effective technique that significantly boosts the performance of existing sound source

locators, by explicitly mining for hard negative image locations in the same image that

contains the sounding objecs. A careful implementation of this idea using Tri-maps and

differentiable thresholding allows us to significantly outperform the state of the art.
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5.A Evaluation metric

We follow the same evaluation metrics as in Senocak et al. [2018], and report consensus

intersection over union (cIoU) and area under curve (AUC). The Flickr Soundnet dataset

contains 3 bounding box annotations from different human annotators. The bounding box

annotations are first converted into binary masks {bj}nj=1 where n is the number of bound-

ing box annotations per image. The final weighted ground truth mask is defined as:

g = min(
n∑
j=1

bj
C
, 1)

where C is a parameter meaning the minimum number of opinions to reach agreement.

We choose C = 2, the same as Senocak et al. [2018]. Given the ground truth g and our

prediction p, the cIoU is defined as

cIoU(τ) =

∑
i∈A(τ) gi∑

i gi +
∑

i∈A(τ)−G 1

where i indicates the pixel index of the map, τ denotes the threshold to judge positiveness,

A(τ) = {i|pi > τ}, and G = {i|gi > 0}. We follow Senocak et al. [2018], and use

τ = 0.5. Example predictions and their cIoUs are shown in Figure 5.6.

Figure 5.6: Example predictions with calculated cIoU.

Since the cIoU is calculated for each testing image-audio pair, the success ratio is

defined as number of successful samples (cIoU greater than a threshold τ2) / total number

of samples. The curve showing success ratio is plotted against the threshold τ2 varied from

0 to 1 and the area under the curve is reported. The Pseudocode is shown in Algorithm 1.
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Algorithm 1 Pseudocode of AUC calculation
# cIoUs : [cIoU_1,cIoU_2,...,cIoU_n]

x = [0.05 * i for i in range(21)]
for t in x: # Divide into 20 different thresholds

score.append(sum(cIoUs > t) / len(cIoUs))
AUC = calulcate_auc(x,score) # sklearn.metrics.auc

5.A.1 Tri-map visualization

In addition to video examples, we show more image results of our Tri-maps in Figure 5.7.

Figure 5.7: Tri-map visualization examples.
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5.B VGG-Sound Source (VGG-SS)

We show more dataset examples, the full 220 class list of VGG-SS and the classes we

removed from the original VGG-Sound dataset [Chen et al., 2020a] in this section.

5.B.1 VGG-SS annotation interface

We show our manual annotation interface, LISA [Dutta and Zisserman, 2019], in Fig-

ure 5.8. The example videos are from the class ‘Rapping’. The ‘Play’ button shows the 5s

clip, and ‘Show region’ recenters to the key frame we want to annotate. We choose ‘Yes’

only if we hear the correct sound, ‘No’ for the clips that do not contain the sound of class,

and ‘Not Sure’ if the sound is not within the 5s we choose (original video clip is 10s)

Figure 5.8: LISA Annotation Interface.

5.B.2 VGG-SS examples

We randomly sample from images with 1 bounding box, 2 bounding boxes, and with more

than 2 bounding boxes. We show examples with 1 bounding box on the top 4 rows, ex-

amples with 2 bounding boxes on the following two rows, and examples with more than 2

bounding boxes on the last row in Figure 5.9.
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Figure 5.9: We show examples with 1 bounding box on the top 4 rows, examples with 2
bounding boxes on the following two rows, and examples with more than 2 bounding boxes
on the last row.
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Figure 5.10: VGG-SS benchmark per class statistics.
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Chapter 6

Audio-Visual synchronization in the wild

Honglie Chen Weidi Xie Triantafyllos Afouras Arsha Nagrani

Andrea Vedaldi Andrew Zisserman

Visual Geometry Group, University of Oxford

Abstract

In this paper, we consider the problem of audio-visual synchronization applied to videos

‘in-the-wild’ (i.e.of general classes beyond speech). As a new task, we identify and curate

a test set with high audio-visual correlation, namely VGG-Sound Sync. We compare a

number of transformer-based architectural variants specifically designed to model audio

and visual signals of arbitrary length, while significantly reducing memory requirements

during training. We further conduct an in-depth analysis on the curated dataset and define

an evaluation metric for open domain audio-visual synchronization. We apply our method

on standard lip reading speech benchmarks, LRS2 and LRS3, with ablations on various

aspects. Finally, we set the first benchmark for general audio-visual synchronization with

over 160 diverse classes in the new VGG-Sound Sync video dataset. In all cases, our

proposed model outperforms the previous state-of-the-art by a significant margin. Project

page: https://www.robots.ox.ac.uk/˜vgg/research/avs

Published in the Proceedings of the British Machine Vision Conference (BMVC), 2021.
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… …Video

Misaligned Audio

∆𝑡 ‘Woof’

Aligned Audio

Figure 6.1: Audio-visual synchronization in the wild. The goal of this work is to develop
an audio-visual synchronization method that performs well on general videos in-the-wild.
Unlike speech videos, highly correlated audio and visual events for general classes may
occur briefly in the video (e.g. the bark of the dog in the centre of this clip). A short
clip sampled randomly from the video might miss this fleeting moment; with longer input
videos this becomes less probable. With this in mind, we propose a Transformer based
architecture that can operate on long sequences, and is able to perform audio-visual syn-
chronization on videos of 160 general sound classes.

6.1 Introduction

In videos, the audio and visual streams are often strongly correlated, presenting effec-

tive signals for self-supervised representation learning [Arandjelovic and Zisserman, 2018;

Owens and Efros, 2018]. A useful task in this area is audio-visual synchronization, and

several studies have shown promising results even without requiring any manual supervi-

sion [Chung and Zisserman, 2016b; Chung et al., 2019; Afouras et al., 2020b]. However,

these works study this problem extensively on only one class – human speech – where even

a slight offset is easily discernable.

In this paper, rather than focusing on a specialised domain, e.g.human speech [Chung

and Zisserman, 2016a,b; Chung et al., 2019; Afouras et al., 2020b], or videos with periodic

sounds such as the tennis shots in a match [Ebeneze et al., 2021], we aim to explore audio-

visual synchronization on general videos in the wild (characterized by more than 160 sound

classes). Solving this task would be extremely useful for a number of applications including

video conferencing, television broadcasts and video editing, which are largely done by ‘off-

line’ measurements or heavy manual processing [Staelens et al., 2012; Shrestha et al., 2010;

Dassani et al., 2019].
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There are several challenges in automatic audio-visual synchronization for general

classes. First, unlike the task of synchronizing speech [Nagrani et al., 2017b; Afouras

et al., 2019a; Chung et al., 2017b; Chung and Zisserman, 2017], which contains audio-

visual evidence from the lips most of the time, videos from general classes may contain

uniform sounds (e.g. airplane engine sound, electric trimmer), ambient sounds (e.g. wind,

water, crowds, traffic), or small object sound sources (e.g. players in an orchestra, birds),

which make synchronization extremely challenging or even impossible; Second, for cate-

gories with strong audio-visual evidence, localising such signals can also be difficult, for

example: temporally, ‘dog barking’ may happen instantaneously, as shown in Figure 6.1,

and spatially, unlike in speech synchronization where visual cues are largely localised to

lip motions, in general videos the entire frame must be processed to accommodate different

object classes; Third, due to the aforementioned challenges, it is unclear how to evaluate

the synchronization in general classes.

In order to address these issues, first, we curate a new benchmark for general audio-

visual synchronization called VGG-Sound Sync using a subset of VGG-Sound [Chen et al.,

2020a]. Specifically, this is built by selecting classes and video clips that potentially have

audio-visual correlation, and removing those classes and video clips that don’t, e.g. uni-

form, ambient sound; Second, compared with previous works, we use substantially longer

input video sequences, so that the chance of having a synchronized audio and video event

in the input increases. We explore several variants of Transformer-based architectures that

can elegantly deal with these long sequences of variable lengths, and that use self-attention

to implicitly pick out the relevant parts in both space and time. Finally, we conduct a

thorough study on the VGG-Sound Sync test set, estimating the chance of audio-visual

synchronization for different clip lengths, and also define a set of metrics for evaluation.

Concretely, in this paper, we consider the problem of audio-visual synchronization ap-

plied to ‘in-the-wild’ videos, i.e. general classes beyond speech. We make the following

contributions: (i) we identify and curate a subset of general classes from VGG-Sound,

namely VGG-Sound Sync, with potentially high audio-visual correlation; (ii) we introduce

a set of transformer-based architectures for audio-visual synchronization, which can exploit

the spatial-temporal correlations between audio and visual streams, such models can train
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and predict on variable length video sequences; (iii) we conduct an analysis on the VGG-

Sound Sync test set, and define an evaluation metric for audio-visual synchronization on

these videos; (iv) we achieve state-of-the art synchronization performance on standard lip

reading speech benchmarks, LRS2, LRS3; and more importantly, set the first benchmark

for audio-visual synchronization in general (non-speech) classes.

6.2 Related Work

Audio-visual synchronization. Early works studied audio-visual synchronization in talk-

ing faces [Hershey and Movellan, 1999; Slaney et al., 2000] using handcrafted features and

statistical models. Chung and Zisserman [2016a] developed a model for synchronizing

lip movements to audio speech, based on a dual-encoder architecture trained with con-

trasting learning. Follow-up works improved this pipeline by moving to noise-contrastive

objectives [Chung et al., 2019], or directly inferring the audio-visual offset conditional on

cross-similarity patterns [Kim et al., 2021]. Lip synchronization is an important compo-

nent for pipelines used for various visual speech related tasks, such as lipreading [Chung

and Zisserman, 2016c; Afouras et al., 2019a], active speaker detection [Chung and Zisser-

man, 2016a] and sign language recognition [Albanie et al., 2020]. Although these works

demonstrate strong synchronization performance, they are limited in terms of deployment

as they are applicable only on videos that include speech. Our method generalizes to

broader sound source classes and conditions, while also outperforming these works in the

speech domain. Other closely related works have investigated lip-syncing [Halperin et al.,

2019], i.e. the temporal alignment of video and speech clips from different sources, speech-

conditioned face animation [Chung et al., 2017a; Vougioukas et al., 2019], and audio-visual

dubbing [Prajwal et al., 2019; Yang et al., 2020]. Audio-visual synchronization has been

also used as a pre-text task for learning general visual and audio representations [Owens

and Efros, 2018; Korbar et al., 2018; Patrick et al., 2020; Afouras et al., 2020b; Cheng et al.,

2020]. Khosravan et al. [2019] investigate the use of attention for audio-visual synchro-

nization on speech data. Ebeneze et al. [2021] train models to detect synchronization errors

based on mismatch of event detection between the audio and visual stream. Casanovas and
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Cavallaro [2014] propose a method for synchronizing audio-visual recordings of the same

events from different cameras. Unlike the works above which use simple concatenation

between audio and visual features, we employ encoder-based and decoder-based Trans-

formers to implicitly match the relevant parts.

Audio-visual learning. Our work is more broadly related to various works on audio-

visual learning, including audio-visual event detection [Tian et al., 2018; Lin et al., 2019],

sound-source localization [Arandjelovic et al., 2016; Qian et al., 2020; Xu et al., 2020;

Afouras et al., 2020b; Gan et al., 2019], representation learning [Nagrani et al., 2018c; Al-

wassel et al., 2019; Asano et al., 2020a], audiovisual fusion [Xiao et al., 2020; Jaegle et al.,

2021; Nagrani et al., 2021] and sound source separation [Zhao et al., 2018a; Gao et al.,

2018; Tzinis et al., 2021]. More recently, Zhao et al. [2019] proposed to leverage tempo-

ral motion information to separate musical instrument sound. Gan et al. [2020b] further

improved the sound separation models with explicit keypoint-based representations. An-

other line of work explored audio synthesis using visual input: Gan et al. [2020a] utilized

body keypoints to synthesize music from a silent video, and Koepke et al. [2020] synthe-

sized piano music from overhead views of the hands. Gao and Grauman [2019] converted

monaural audio into binaural audio by injecting visual spatial information.

Transformers. Transformers [Vaswani et al., 2017] were originally introduced for NLP

tasks, in particular machine translation where they showed improvement over recurrent-

based encoder-decoder architectures. Since then they have been widely applied to a great

range of problems, including speech recognition [Gulati et al., 2020b], language mod-

elling [Devlin et al., 2018; Dai et al., 2019], object detection [Carion et al., 2020; Yao

et al., 2021]. Recent works have even extended their use to visual feature extraction, re-

placing CNNs, for classification [Dosovitskiy et al., 2021], semantic segmentation [Wu

et al., 2020; Dosovitskiy et al., 2021] and video representation learning [Bertasius et al.,

2021]. In the multi-modal domain, Lin and Wang [2020]; Tian et al. [2020] explored

unimodal and cross-modal temporal contexts simultaneously to detect audio-visual events,

and Lee et al. [2021b] alleviated the high memory requirement of a vanilla Transformer by
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sharing the weights across layers and modalities. Audio-visual fusion using transformers

has also been explored by new architectures such as Perceiver [Jaegle et al., 2021] and

MBT [Nagrani et al., 2021].

6.3 Method

In this section, we describe our proposed method, which we call Audio-Visual synchro-

nization with Transformers (AVST). Our goal is to detect audio-visual synchronization

without the use of any manual annotation. Similar to prior work [Chung and Zisserman,

2016a; Owens and Efros, 2018; Afouras et al., 2020b], we first use CNN encoders to ex-

tract visual and audio representations from unlabelled video (described in section 6.3.1.1).

In section 6.3.1.2, we introduce three variants of our Transformer-based module that can

jointly process visual and audio features, and discuss the pros and cons for each architec-

ture. Finally in section 6.3.2, we describe the contrastive learning objective used to train

the model. An overview of our architecture can be found in Figure 6.2.

6.3.1 Architecture
6.3.1.1 Audio and visual representations

The proposed model has two input streams, one ingesting a short video clip vi ∈ R3×T×Hv×Wv

consisting of T visual frames and the other taking in an audio spectrogram aj ∈ R1×Ha×Wa ,

where i, j index the source of each modality (e.g. when i = j the visual and audio signals

come from the same video and are temporally aligned). We compute representations for

each modality using functions f(·; θ1) and g(·; θ2), which in this case are instantiated using

CNN encoders:

Vi = f(vi; θ1), Vi ∈ Rc×tv×h×w (6.1)

Aj = g(aj; θ2), Ai ∈ Rc×ta (6.2)

Both representations Vi and Aj have the same number of channels c, which allows us to

jointly model the input video and audio with cross-modal attention.
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6.3.1.2 synchronization module

The visual and audio representations are formulated into a sequence of tokens, and passed

through a Transformer [Vaswani et al., 2017] consisting of N layers. We introduce three

variants of AVST, each one with a slightly different design choice for modelling audio-

visual information.

Encoder variant (AVSTenc). The most straightforward step is to simply treat the dense

visual features as a sequence of ‘visual tokens’. To that end, the visual features are flattened

over the spatial dimensions and concatenated to the audio features after also prepending a

learnable class token ([CLS]), inspired by the BERT model [Devlin et al., 2018]. In

order for the model to distinguish the signals from the two modalities and maintain spatio-

temporal positional information (as all subsequent Transformer layers are permutation in-

variant), three types of encodings are also added to the audio and visual features: modality

encodings Em ∈ Rc×2, that indicate the type of feature (i.e. audio or visual); temporal en-

codings Et{v,a} ∈ Rc×t{v,a} and spatial encodings Es ∈ Rc×h×w, that keep track of absolute

positions for the tokens:

Vi = FLATTEN(Vi) + Em + Etv + Es, (6.3)

Aj = Aj + Em + Eta , (6.4)

Zij = [[CLS];Vi;Aj ] (6.5)

where [; ] denotes a concatenation operation. The output result, Zij ∈ Rc×(1+hwtv+ta),

is then fed into a Transformer Encoder [Vaswani et al., 2017], that is composed of a stack

of Multihead Self-Attention (MSA), and feed forward networks (FFNs). This module

allows the tokens from both modalities to directly interact with each other through the

self-attention operations:

Yij = TRANSFORMER-ENCODER(Zij). (6.6)
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Figure 6.2: The AVST model architecture and variants. We use AVST to jointly model
visual and audio representations computed from backbone CNNs, with an MLP head to pre-
dict audio-visual synchronization (top). On the middle and bottom, we show two variants
of the AVST transformer backbone, the Encoder (AVSTenc) and Decoder variant (AVSTdec).
AVSTenc uses self-attention for all audio and visual features, whereas in AVSTdec the visual
information is kept fixed, and the audio latents are used to QUERY the visual information
which forms the KEY, VALUE pairs.
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Max-pooled encoder variant (AVSTenc-mp). Naively feeding all visual features densely

into the Transformer is computationally expensive, with a quadratic cost,O((hwtv + ta)
2),

which significantly limits the scalability to longer video sequences. Thus, although the

architecture is powerful, it heavily limits the audio-visual samples that can be processed

in each batch, which in turn limits the number of negatives that can be used for training,

resulting in sub-optimal performance, as we will show in the experiments (section 6.4).

Rather than taking dense visual features as input, we propose a cheaper alternative,

which consists of a simple Global Max Pooling (GMP) operation spatially on each frame.

This reduces the length of the sequence that is input to the Transformer from (hwtv+ta+1)

to (tv+ ta+1); and thereby significantly lowers the memory footprint of the MSA module.

To obtain AVSTenc-mp we simply replace the flattening operator in Equation 6.4 with GMP:

Vi = GMP(Vi) + Em + Etv + Es (6.7)

Decoder variant (AVSTdec). Using the visual feature from max-pooling is computation-

ally efficient, however, it also removes spatial information in the visual representations,

impairing the ability of audio features to probe fine-grained visual information, which may

be required for certain general object categories.

To resolve the aforementioned challenge, we consider an alternative architecture that

uses a Transformer decoder [Vaswani et al., 2017], as shown in Figure 6.2 (right), where

dense visual features are kept fixed without self-attention and passed as the KEY and

VALUE inputs to every decoder layer, and audio features (concatenated along a [CLS]

token, similarly to AVSTenc) are passed as the QUERY inputs:

QUERY = CONCAT([CLS], Aj), KEY = VALUE = Vi (6.8)

Yij = TRANSFORMER-DECODER(QUERY, KEY, VALUE) (6.9)
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6.3.1.3 Output head

For all variants, we only use the first token (Y 1
ij), of the output of the final encoder (or

decoder) layer, corresponding to the [CLS] position in the input sequence. This functions

as an aggregate representation of the whole output sequence and is fed to h(·; θ3), which we

implement as an MLP head. The output is a synchronization score that indicates to what

degree the inputs vi and ai are in sync, sij = h(Y 1
ij ; θ3).

6.3.2 Training objectives

Given mini-batches B = {(v1, a1), (v2, a2), ..., (vk, ak)} of temporally aligned audio-visual

pairs, the goal is to jointly optimize the entire pipeline in an end-to-end manner, so that the

prediction scores for synchronized pairs (vi, ai) are maximised, while the scores of out-of-

sync pairs (vi, aj) are minimised. Training proceeds by minimising the commonly used

InfoNCE loss, defined as:

L = −1

k

k∑
i=1

[
log

exp(sii)∑
j exp(sij)

]

Discussion. Unlike previous works, which simply compute either the Euclidean distance or

the cosine similarity between the audio and visual representations obtained from separate

CNN streams to predict synchronization, we use a Transformer model that jointly models

the relationship between the audio and visual streams using attention over multiple layers.

This is useful for attending to longer input sequences, where informative audio and video

may only be localised in a short sub-sequence of the video.

6.4 Experiments

In the following sections, we describe the datasets, evaluation protocol and experimental

details to thoroughly assess our method.
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6.4.1 Datasets

Audio-visual speech datasets: We conduct experiments on two public audio-visual

speech datasets, namely, LRS2 [Afouras et al., 2019a; Chung et al., 2017b; Chung and

Zisserman, 2017] and LRS3 [Afouras et al., 2018b], which have been created from British

television footage and TED talks from YouTube respectively. Both datasets are distributed

as short video clips of tightly cropped face tracks around the active speaker’s head. Since

LRS3 is based on public YouTube videos, we also extract full-frame versions of the same

clips for all splits (“pretrain”, “trainval” and “test”). To distinguish between these two ver-

sions of LRS3, we refer to them as “cropped” and “full-frame” respectively. Note that for

LRS2, only the “cropped” version is available.

General sound dataset: Here, we construct a new benchmark called VGG-Sound Sync

using a subset of VGG-Sound [Chen et al., 2020a], which was recently released with over

200k clips, and each clip is labelled as one of the 300 different sound categories. This

dataset is conveniently audio-visual, in the sense that the object that emits sound is likely

to be visible in the corresponding video clip. In the next section, we will detail the curation

process.

6.4.2 Evaluation protocol

Depending on the downstream benchmarks, we consider two different evaluation protocols.

6.4.2.1 Audio-visual synchronization on speech

For LRS2 and LRS3, we follow previous works and use an input of 5 frames, extracted

at 25fps. During testing, the synchronization scores were computed densely between each

5-frame video feature and all audio features in±15 frame range. Synchronization was then

determined to be correct if the lip-sync error was not detectable to a human, i.e. the maxi-

mum score between two streams is within±1 frame (±0.04s) from the ground truth Chung

et al. [2019].
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6.4.2.2 Audio-visual synchronization on general classes

Compared to speech videos with audio-visual cues (the lip motion and speech) spanning

almost the entire clip, evaluating synchronization on general videos potentially incurs two

challenges: (1) videos with only ambient or uniform sound, e.g. wind, wave, engine sound,

are unlikely to have any cues that can be used for synchronization; (2) the audio-visual

cues for synchronization are sometimes instantaneous, e.g. a dog barking may only last

for less than 1s. In the following, we describe the evaluation benchmark and how it was

constructed.

Seconds 1s 2s 3s 4s 5s 6s

Audio-visual evident 50% 56% 57% 62% 60% 59%
Uniform/ambient sound 30% 34% 35% 31% 35% 38%
No sound/object 20% 10% 8% 7% 5% 3%

Table 6.1: Categorisation of video clips as duration of video varies.

Categorising video clips. Here, we analyse the statistics of videos in the VGG-Sound

test set, by categorising each video clip into three classes, namely, audio-visual evident,

uniform / ambient sound, missing sound / visual object. Specifically, we randomly sample

1200 video clips, where each clip is of different lengths between 1s and 6s for manual

verification. As shown in Table 6.1, the following phenomenon can be observed: First, the

proportion of clips with uniform or ambient sound remains roughly constant, as this error

is caused by all the video clips of particular sound categories; Second, as expected, with the

increase of temporal lengths, the chance of having audio-visual cues for synchronization

increases. Notably, when clips are over 2s, the error rate drops to around 10%.

At this stage, we curate a subset of VGG-Sound by filtering the sound categories to

remove ones that are potentially dominated by uniform / ambient sound, resulting in a test

set of over 160 classes, 95k training videos and 5k testing videos (each of them lasts 10

seconds).
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Verifying synchronization of YouTube videos. In this section, we conduct manual ver-

ification to serve two purposes: first, as the video clips in VGG-Sound are all sourced from

YouTube, their audio-visual alignments are not always guaranteed, we aim to understand

the chance of these videos being audio-visual synchronized, at least from the perspective of

an ordinary human observer; second, we aim to understand the human tolerance, by that we

mean, how much temporal misalignment is noticeable for human observers. In a practical

evaluation, offsets smaller than such tolerance should be ignored or considered as correct.

In detail, we randomly sample 500 example videos from our test set with 25fps, and create

1000 audio-visual pairs, with each lasting 5s. The temporal offsets between both streams

vary from [−0.8,+0.8] second, for example, for one visual clip sampled at time t, its paired

audio signal can be centered at any time between t − 0.8, t + 0.8, we feed these pairs to

human observers and ask a binary question: is the given audio-visual pair synchronized ?

Please check the detailed statistics on proportions of videos considered to be syncd by a

manual observer in Appendix 6.C.

Summary. To evaluate the synchronization for videos of general classes, we curate

a test set from VGG-Sound, namely VGG-Sound Sync, with ambient, uniform sound

categories removed. We only include audio-visual pairs of length between 2 - 6 sec-

ond, that have a sufficiently high chance of containing informative cues for synchroniza-

tion. During evaluation, we decode the videos with 25fps, and construct audio or vi-

sual input by taking every 5th frame, note that, this has the same effect as using input

decoded from 5fps. The synchronization scores are computed for all audio-visual pairs

with [−15,−14, . . . ,+14,+15] frame gaps. Considering the challenging nature for audio-

visual synchronization in natural videos, synchronization is determined to be correct if the

synchronization error is not detectable by a human, i.e. the maximum score between two

streams is within ±5 frames (±0.2s) from the ground truth.
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6.4.3 Implementation details

Training curriculum. Following prior work [Korbar et al., 2018; Afouras et al., 2020b],

we train our models in two stages: in the first stage, we construct the mini-batches by sam-

pling audio-visual clips from different videos, this provides easy (correspondence) nega-

tives that helps the training converge. In the second stage, all the clips in a mini-batch are

sampled from the same video, which provides harder (synchronization) negatives.

Training hyper-parameters. On a P40 GPU with 24GB memory, we train AVSTenc with

a batch-size of 4 (due to memory restrictions), for AVSTenc-mp and AVSTdec, we use a batch-

size of 16 and 12 respectively, thereby allowing more negatives per batch.

Architectural Details. Unless otherwise specified, our Transformer encoder consists of

3 layers, 4 attention heads and a hidden unit dimension of 512. Typically H = W = 224

and h = w = 14. We refer the readers to Appendix 6.A for more details.

6.4.4 Results on speech datasets

We first report experimental results on LRS2 and LRS3, and perform a number of ablations

on different architectural design choices. We also analyse the model’s robustness on cases,

where the visual or audio signal is partially unavailable.

Architectures comparison. To compare our proposed architecture variants and assess

their trade-offs, we train and evaluate them on the “full-frame” version of LRS3 and show

results of all three Transformer variants in Table 6.2. Due to the memory restrictions,

we can only train AVSTenc with a fixed length of 5 frames, whereas for the other two

architectures, training is done with variable sequence length and larger batch size (see sec-

tion 6.4.3). We observe a large gap (6% – 7%) between the performance of AVSTenc and

the other two variants, which indicates that AVSTenc suffers from the reduced number of

negatives. We also note that AVSTdec can localise sound sources because it preserves spatial

information, but shows slightly worse performance than AVSTenc-mp on speech datasets. We

conclude that AVSTenc-mp is a light-weight solution that offers the best performance when
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the sounding objects (e.g.lips) are clear and unique, which need little fine-grained spatial

information.

Comparison to the state-of-the-art. We compare our method to previous work on “full-

frame” LRS3 in the top half of Table 6.2. We show a significant improvement compared

to the AVobjects baseline (16% gain) on short input (5 frames) reaching up to an almost

saturated 98.6% accuracy with 15 frames. In the bottom half of Table 6.2, we further sum-

marise our results for experiments on the “cropped” LRS2 dataset. Here too, we observe

that our method greatly outperforms both the SyncNet [Chung and Zisserman, 2016b] and

PM [Chung et al., 2019] baselines, and achieves almost perfect accuracy with 15 frames of

input during test time.

Since AVSTenc-mp shows superior performance on speech datasets using a light-weight

architecture, we conduct the rest of the analysis on speech data using AVSTenc-mp. In addi-

tion, in order to compare with SyncNet and PM, we use the same fixed length of 5 frames

during training and testing.

Number of Transformer Layers. We ablate the Transformer depth on the LRS2 dataset

in Table 6.3. As more layers are added, the performance consistently improves, achiev-

ing the best performance with 3 layers. This confirms the effectiveness of self-attention in

jointly modelling audio and visual information.

Robustness test. To mimic real-world scenarios, where sound sources and their corre-

sponding sound might not appear together at every frame, we further conduct experiments

to assess the robustness of our model on the LRS2 dataset by randomly masking input

audio or video frames. We mask 1 frame for each or both modalities. As can be seen in

Table 6.4, we find that for short inputs this causes a significant performance drop, however

with longer inputs, we achieve comparable results to the non-masked case in Table 6.2.
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Clip Length in frames (seconds)

Model # Params. Var. Dataset 5(0.2s) 7(0.28s) 9(0.36s) 11(0.44s) 13(0.52s) 15(0.6s)

AVobjects 69.4M 7 LRS3 61.8 72.0 79.7 85.4 89.5 91.8
AVSTenc 42.6M 7 LRS3 70.2 77.1 83.3 88.4 92.0 94.4
AVSTdec 44.5M X LRS3 75.7 86.4 89.4 94.0 95.1 96.9
AVSTenc-mp 42.4M X LRS3 77.3 88.0 93.3 96.4 97.8 98.6

SyncNet 13.6M 7 LRS2 75.8 82.3 87.6 91.8 94.5 96.1
PM 13.6M 7 LRS2 88.1 93.8 96.4 97.9 98.7 99.1
AVSTenc-mp 42.4M X LRS2 91.9 97.0 98.8 99.6 99.8 99.9

Table 6.2: Architecture comparison on LRS3 and LRS2. We use the ‘full-frame’ dataset.
‘Var’: whether models are trained and tested using variable length inputs. ‘5-15’ refers to
the number of input frames to corresponding models.

Clip Length (frames)

# Layers 5 7 9 11 13 15

1 89.1 94.0 96.8 98.4 99.1 99.4
2 91.6 95.4 97.6 98.8 99.1 99.6
3 92.0 95.5 97.7 98.8 99.3 99.6

Table 6.3: Ablation on Transformer depth
(LRS2). Performance increases with depth.

Clip Length (frames)

Mask 5 7 9 11 13 15

Audio 73.1 85.3 92.6 96.1 98.0 99.2
Visual 76.5 87.3 93.4 96.9 98.2 99.3
Both 71.7 84.0 91.2 95.6 97.7 99.1

Table 6.4: Robustness test on LRS2. 1
frame is masked during train and test.

6.4.5 Results on general sound classes

In this section, we report audio-visual synchronization results on the VGG-Sound Sync

dataset consisting of videos with general sound classes, and compare with several strong

baselines. Results are provided in Table 6.5. First, while comparing with the recent AVob-

jects [Afouras et al., 2020a] method, both of our models show superior results on all in-

put lengths, this is because (1) we trained on variable input lengths, where longer sam-

ples contain richer audio-visual evidence; and (2) the use of Transformer based architec-

tures (AVSTenc and AVSTdec) can implicitly discover the important temporal parts in long

sequences. Second, in contrast to the results in speech datasets (Table 6.2), we note that

AVSTdec has higher accuracy than AVSTenc on general videos. The reason is that gen-

eral videos contain complex visual scenes and, compared to other variants, AVSTdec can

extract fine-grained spatial information in such situation by explicitly computing the atten-

tion between image regions and the audio sequence, therefore showing better performance.

Finally, we analyse the performance for each class of VGG-Sound Sync dataset in Fig-
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Clip Length in frames (seconds)

Method 10(2s) 15(3s) 20(4s) 25(5s) 30(6s)

AVobjects 37.2 42.6 45.1 47.3 49.4

AVSTenc-mp 39.0 44.1 46.8 49.7 51.8

AVSTdec 40.6 44.6 47.6 50.4 52.7

Table 6.5: Audio-visual synchronization
results on VGG-Sound Sync. We show
results for sequences of 10 − 30 frames.
Our model outperforms the state of the art
AVObjects Afouras et al. [2020b] on se-
quence lengths > 10.

… …

Figure 6.3: Per-class accuracy on VGG-Sound
Sync.

ure 6.3, and find that the performance is highly class dependant, with the best class (‘child

singing’) achieving 75.7%, and most highly performing classes containing strong audio-

visual correlations, e.g.‘female singing’,‘playing steel guitar’, etc.

6.4.5.1 Visualisation of attention heatmaps

We visualise the attention heatmaps of our model on samples from VGG-Sound Sync in

Figure 6.4 (refer to Appendix 6.D for more qualitative results). For general object classes

in VGG-Sound Sync, the model manages to pick up on interesting sources of motion

that produce sound. When comparing the heatmaps produced by AVSTdec to the current

state-of-the-art sound source localization method [Chen et al., 2021a], we notice that our

method attends to regions that create or modify sound, e.g.hands, lips, helicopter rotor, etc,

while Chen et al. [2021a] tends to localise the entire object.

6.5 Conclusion

We revisit the problem of audio-visual synchronization in human speech and introduce a

new general class audio-visual synchronization benchmark called VGG-Sound Sync. We

experiment with different variants of Transformer-based architectures, analyse several crit-

ical components, and conduct thorough ablation studies to validate their necessity. Con-
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(a) Localise Visual Sound [Chen et al., 2021a]

(b) AVSTdec

Figure 6.4: Attention heatmaps on VGG-Sound Sync. We compare the heatmaps that
we obtain with the AVSTdec model to the state-of-the-art method for sound source localiza-
tion [Chen et al., 2021a]. It is interesting to note that while [Chen et al., 2021a] highlights
discriminative parts of the objects that are generally associated with the sound and are
therefore sufficient to identify it – i.e. the entire musical instrument, firetruck and helicopter
– our method focuses on the parts that exhibit some motion – i.e. the player’s hands, the
firetruck siren and the helicopter’s rotor – that modify or create sound and are necessary to
solve the much more challenging synchronization task.

sequently, our proposed architecture sets new state-of-the-art results on LRS2 and LRS3,

and provides baselines for general sound audio-visual synchronization.
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6.A Implementation details

Here, we describe the architecture details, and hyper-parameters used during training.

Input Features. We follow previous works and use an input of 5 ∼ 15 frames in LRS2

and LRS3 extracted at 25 FPS, and use 5 ∼ 30 frames in VGG-Sound Sync dataset with 5

FPS. Visual frames are resized to a 224× 224× 3× T tensor without cropping, indicating

height, width, channel, frames. The visual feature map before max-pool/reshape has a di-

mension of 14 × 14. For the visual stream, we use a ResNet18 2D+3D as backbone. For

instance, an input of 224×224×3×5 would result the output visual feature a dimension of

14×14×512×5. Audio spectrograms are extracted using an FFT with window size of 320

and hop length 40. A lightweight VGG-M is then used to process the audio spectrogram

giving tensors of dimension 512× T . Encoders are initialised from scratch.

Training hyperparameters. We use a learning rate of 1e−4, Adam optimiser, trained for

100 epochs on 2 P40 GPUs.

6.B Robustness test

The aim of this experiment is to mimic real-world scenarios, as sound and its corresponding

sound source might not happen at the same time. We mask random n frame length of input

for one or both modalities, i.e.replace video frames or audio segments with zeros, we show

results here when more than 1 frame is masked. With short input sequence, e.g.5 frames,

the performance drops significantly as the mask length increases, e.g.3 frames, however, as

the input length increases, our model shows robust performance at 15 frames.

6.C synchronization on general sound classes

Human tolerance on general classes. Here, we analyse the synchronization tolerance on

general classes by manually creating misaligned audio-visual clips and asking human ob-

servers to verify whether the given clip is synchronized. Specifically, we randomly sample
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Clip Length in frames (seconds)

Mask modality # Mask Length 5(0.2s) 7(0.28s) 9(0.36s) 11(0.44s) 13(0.52s) 15(0.6s)

Audio 1 Frame 73.1 85.3 92.6 96.1 98.0 99.2
Visual 1 Frame 76.5 87.3 93.4 96.9 98.2 99.3
Both 1 Frame 71.7 84.0 91.2 95.6 97.7 99.1
Both 2 Frames 66.8 83.2 91.0 95.5 97.5 99.1
Both 3 Frames 56.1 79.6 90.3 95.2 97.2 99.0

Table 6.6: Robustness test on LRS2. As the input sequence length increases, even when
we mask more frames, the performance remains robust.
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Figure 6.5: Proportions of videos considered to be syncd by a manual observer, Histogram
demonstrating if the object-sync error is detectable for different offset values.

500 videos from all classes (160 classes) in VGG-Sound Sync. The misaligned audio-visual

pairs are then generated by randomly choosing a offset within ±20 frames (0.8s). During

manual verification, we create 25 audio-visual pairs for each offset, with 1000 audio-visual

pairs in total. As shown in Figure 6.5, all sample videos are manually verified as synchro-

nized at time offset 0, indicating the downloaded videos contain high-quality audio-visual

synchronization naturally. In addition, an error below ±5 frames (0.2s) is indistinguish-

able for human (Approximately, 90% of the videos are verified as synchronized within ±5

frames). Furthermore, the proportions of videos considered to be synchronized decrease

significantly beyond such offsets. Therefore, we allow a prediction offset of up to ±5

frames during evaluation for general sound classes.
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Per-class synchronization accuracy. Please refer to Figure 6.6 for per class accuracy in

VGG-Sound Sync dataset. We list the 160 classes we select from VGG-Sound in the end

of this document.

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
ACC
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wind chime
owl hooting

chicken clucking
whale calling
playing harp
train horning
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lions growling
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driving motorcycle
playing electric guitar

people clapping
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baby babbling
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cheetah chirrup
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chipmunk chirping

horse clip-clop
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frog croaking
playing drum kit

people nose blowing
penguins braying

otter growling
baltimore oriole calling

opening or closing car doors
pigeon, dove cooing

hammering nails
sliding door

playing french horn
sharpen knife
playing cello

bee, wasp, etc. buzzing
vehicle horn, car horn, honking

cell phone buzzing
chopping food

playing snare drum
rowboat, canoe, kayak rowing

playing tennis
playing table tennis
dinosaurs bellowing

people coughing
popping popcorn

firing muskets
playing bass guitar

car passing by
people whistling

eletric blender running
sea lion barking
people running

plastic bottle crushing
playing harmonica

door slamming
cap gun shooting
chicken crowing

goat bleating
duck quacking

electric grinder grinding
playing bass drum

alligators, crocodiles hissing
playing electronic organ

bird squawking
playing volleyball

race car, auto racing
ripping paper

skidding
playing accordion
hair dryer drying

skateboarding
people slapping

cattle, bovinae cowbell
people slurping

bathroom ventilation fan running
people screaming

bull bellowing
horse neighing

people finger snapping
striking bowling

lip smacking
lions roaring

bowling impact
firing cannon
cat meowing

missile launch
turkey gobbling

cat caterwauling
parrot talking
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typing on computer keyboard
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typing on typewriter
dog growling
baby crying

children shouting
playing piano

alarm clock ringing
people booing
dog bow-wow

mouse squeaking
playing trumpet

train whistling
people babbling

people humming
child speech, kid speaking

people gargling
toilet flushing

people sneezing
people eating crisps

people burping
dog barking

dog whimpering
people farting

people sniggering
fox barking

playing acoustic guitar
people whispering

male speech, man speaking
running electric fan

people belly laughing
people hiccup
male singing

playing steel guitar, slide guitar
female speech, woman speaking

machine gun shooting
cutting hair with electric trimmers
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Figure 6.6: Per-class accuracy on VGG-Sound Sync.
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Visualising the temporal synchronization. In order to understand the challenges in syn-

chronizing general sound, we show video frames, audio and the model predicted synchro-

nization score from top to bottom, in Figure 6.7. Specifically, we input 6s of audio and the

corresponding frames (5 fps) with the same timestamp, to generate a synchronization score

using our AVSTdec model. The bottom synchronization score figure is then generated using

a moving window with stride of 1 frame. Each video is 10s long in Figure 6.7.

Ideally, we would like to see the scores being always around 1.0, however, in prac-

tise, synchronization of general sound can be challenging due to the following reasons: 1),

missing audio information, as shown in Figure 6.7(a), the bull makes sound only for the

first few seconds, resulting in weak synchronization in the later period. 2), missing visual

information, in Figure 6.7(b), the violin player is not present for the entire clip, causing

low synchronization scores. 3), missing information of both modalities. The last exam-

ple in Figure 6.7(c) contains random frames with no sound; this severely decreases the

synchronization scores. These hard cases suggest that experimenting on even longer input

sequences may be beneficial, we therefore plan to investigate this in future work.
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… …Frames

Audio

Synchronization
Scores

(a) Bull bellowing. In this case, the bull makes sound only in the first few seconds, although visual
information exist over the entire clip, the missing audio causes the low score.

… …Frames

Audio

Synchronization
Scores

(b) Playing violin, fiddle. On the other hand, this example contains violin sound throughout the video
clip, however, the violin player is not present all the time, causing the low score.

… …Frames

Audio

Synchronization
Scores

(c) Electrical trimmer. In this example, the last few seconds contain no information for both modalities,
therefore the synchronization score is extremely low.

Figure 6.7: Synchronization scores along temporal axis. We analyse the hard cases which
contain missing information of audio/video/both.
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6.D Attention heatmaps visualisation

We show more image heatmap results from LRS3 in Figure 6.8 and results from VGG-

Sound Sync in Figure 6.9. Both models are trained using AVSTdec model. The heatmaps are

created by normalizing the attention matrix between the audio feature and visual feature in

AVSTdec model. In Figure 6.8, we can accurately localise the human mouth. In Figure 6.9,

we localise the sound source in various classes, e.g. running electric fan, sharpen knife,

cat meowing, etc. Note, rather than localise the entire sounding object, e.g.piano, sewing

machine, our model focus on the interaction points between the objects, e.g.hands, sewing

machine needle.
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Figure 6.8: Attention heatmap visualisations on LRS3 dataset.
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Figure 6.9: Attention heatmap visualisations on VGG-Sound Sync dataset.
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Class list

1. female singing

2. child singing

3. cutting hair with electric trimmers

4. machine gun shooting

5. female speech, woman speaking

6. playing steel guitar, slide guitar

7. male singing

8. people hiccup

9. people belly laughing

10. running electric fan

11. male speech, man speaking

12. people whispering

13. playing acoustic guitar

14. fox barking

15. people sniggering

16. people farting

17. dog whimpering

18. dog barking

19. people burping

20. people eating crisps

21. people sneezing

22. toilet flushing

23. people gargling

24. child speech, kid speaking

25. people humming

26. people babbling

27. train whistling

28. playing trumpet

29. mouse squeaking

30. dog bow-wow

31. people booing

32. alarm clock ringing

33. playing piano

34. children shouting

35. baby crying

36. dog growling

37. typing on typewriter

38. woodpecker pecking tree

39. playing banjo

40. shot football

41. people sobbing
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42. cat growling

43. typing on computer keyboard

44. opening or closing car electric win-

dows

45. forging swords

46. parrot talking

47. cat caterwauling

48. turkey gobbling

49. missile launch

50. cat meowing

51. firing cannon

52. bowling impact

53. lions roaring

54. lip smacking

55. striking bowling

56. people finger snapping

57. horse neighing

58. bull bellowing

59. people screaming

60. bathroom ventilation fan running

61. people slurping

62. cattle, bovinae cowbell

63. people slapping

64. skateboarding

65. hair dryer drying

66. playing accordion

67. skidding

68. ripping paper

69. race car, auto racing

70. playing volleyball

71. bird squawking

72. playing electronic organ

73. alligators, crocodiles hissing

74. playing bass drum

75. electric grinder grinding

76. duck quacking

77. goat bleating

78. chicken crowing

79. cap gun shooting

80. door slamming

81. playing harmonica

82. plastic bottle crushing

83. people running

113



84. sea lion barking

85. eletric blender running

86. people whistling

87. car passing by

88. playing bass guitar

89. firing muskets

90. popping popcorn

91. people coughing

92. dinosaurs bellowing

93. playing table tennis

94. playing tennis

95. rowboat, canoe, kayak rowing

96. playing snare drum

97. chopping food

98. cell phone buzzing

99. vehicle horn, car horn, honking

100. bee, wasp, etc. buzzing

101. playing cello

102. sharpen knife

103. playing french horn

104. sliding door

105. hammering nails

106. pigeon, dove cooing

107. opening or closing car doors

108. baltimore oriole calling

109. otter growling

110. penguins braying

111. people nose blowing

112. playing drum kit

113. frog croaking

114. people cheering

115. horse clip-clop

116. chipmunk chirping

117. elephant trumpeting

118. eagle screaming

119. people eating apple

120. cheetah chirrup

121. people giggling

122. playing trombone

123. chainsawing trees

124. snake hissing

125. cat purring

126. cat hissing
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127. golf driving

128. playing hammond organ

129. playing violin, fiddle

130. using sewing machines

131. playing harpsichord

132. playing oboe

133. baby babbling

134. people shuffling

135. mouse clicking

136. swimming

137. people clapping

138. playing electric guitar

139. driving motorcycle

140. mouse pattering

141. crow cawing

142. tapping guitar

143. helicopter

144. rapping

145. bird chirping, tweeting

146. playing flute

147. tractor digging

148. skiing

149. francolin calling

150. lions growling

151. goose honking

152. bird wings flapping

153. car engine idling

154. train horning

155. playing harp

156. whale calling

157. chicken clucking

158. owl hooting

159. wind chime

160. snake rattling
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Chapter 7

Conclusion

In this thesis, we have discussed a number of methods for training deep neural networks

without using manual annotations including correcting freely obtained noisy labels or self-

supervision from multimodal cues. Here we first summarize the main contributions and

highlight the achievements in this thesis (Section 7.1). Next, we discuss potential directions

and notable recent publications (Section 7.2).

7.1 Achievements and Impact

Automatic label correction. In Chapter 3, we proposed to correct geometric noisy la-

bels automatically using three key ideas: a consistency loss which guides the learning even

without knowing the ground truth, a self-supervised loss that automatically generates the

training data, and finally an inductive method which corrects multiple objects in a image by

building a spatial memory mask indicating the past predictions, forming an auto-regressive

model. We demonstrated the model performance by showing superior alignment results

to previous methods on standard benchmarks. Finally, we released a new satellite image

dataset - railway tracks dataset including 35k images with binary mask annotations indicat-

ing the position of the railway tracks.

Since the publication of our original conference paper, MapRepair [Zorzi et al., 2020]

was proposed to extend our method to transform misaligned footprints and, at the same

time, detect obsolete footprints and segment constructions that lack annotations. Jiang et al.

[2021] on the other hand, further improved our method by correcting the registration noise
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in the vector representation to guarantee label continuity. Similarly, class labels are repre-

sented by geometric shapes (e.g., spatial points, polylines) before refinement in Jiang et al.

[2020]. Furthermore, the idea of using inductive models and self-supervised learning has

been adopted by a number of works in several domains such as Human pose [Le et al.,

2020] and video segmentation [Zhu et al., 2020].

VGG-Sound. In Chapter 4, we introduced a large-scale audio-visual dataset called VGG-

Sound which contains more than 200k videos and 309 classes “in the wild”. We achieved

the state-of-the-art audio recognition performance using models trained on VGG-Sound.

More importantly, a automated and scalable pipeline for collecting the audio-visual dataset

was released.

The VGG-Sound dataset has enabled development in a number of audio-visual do-

mains, such as representation learning [Asano et al., 2020a; Feng et al., 2020], count-

ing [Zhang et al., 2021], cross-modal retrieval [Oncescu et al., 2021], separation [Zhu and

Rahtu, 2021b], localization [Chen et al., 2021a; Sanguineti et al., 2021], detection [Afouras

et al., 2021] and audio recognition [Kazakos et al., 2021]. In addition, the automatic

pipeline has prompted others to develop similar ways for collecting a dataset using audio-

visual correspondence, Lee et al. [2021a] propose to curate an audio-visual dataset by

maximizing mutual information between audio and visual channels in videos.

Localize sound source in visual scene. We investigated the problem of unsupervised

visual sound source localization in Chapter 5. First, a new large-scale benchmark, VGG-

Sound Source was released with 5k video clips spanning 220 classes. This is 20x larger

than the previous audio-visual localization benchmark. Furthermore, we also developed a

general method for explicitly mining the hard negative regions in the image during training

using Tri-maps, significantly surpassing the previous works on standard benchmarks.

To assist the community and enable further research, we have open-sourced the code

implementation and pretrained models for “localizing visual sound”. Our work has spurred

various followup works in audio-visual domain. For instance, Zhu and Rahtu [2021b] per-

form both visual sound separation and localization via a efficient three-stream framework
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including Visual frame, Slow spectrogram, and Fast spectrogram. Afouras et al. [2021] on

the other hand, consider to localize and classify the sound source in a visual scene by using

self-labels and self-boxes generated during audio-visual correspondence learning.

Synchronize audible and visual modality. In Chapter 6, we extended the traditional

audio-visual synchronization problem in human speech and introduced a new general class

audio-visual synchronization benchmark. To the best of our knowledge, we are the first to

formalize the self-supervised task in this manner. To learn this representation, we made

use of vast amounts of video data and cross-modal self-supervision. Moreover, we pro-

posed a novel transformer-based architecture to deal with long sequence sensory inputs.

Our method outperforms the previous state-of-the-art by a significant margin on LRS2 and

LRS3, and provide baselines for general sound audio visual synchronization. We expect

this work to inspire future research in how to fuse the cross-modal information without

using simple late-stage fusion of representations across modalities.

7.2 Future work

We conclude the thesis by highlighting the scope for possible extensions which includes

thoughts on broader objectives and more abstract ideas.

Dataset. While our VGG-Sound dataset is of sufficient diversity to enable generalization

to learn “in the wild”, it can be further improved. A limitation of VGG-Sound is that it does

not contain temporally-precise annotations, i.e., fine-grained second-level annotations in

the video clips. Recently, Hershey et al. [2021] extended and adapted AudioSet [Gemmeke

et al., 2017] to create a strong-labeled training subset of 67k clips. Fine-tuning with a mix of

weak (clip-level) and strongly (second-level) labeled data can substantially improve audio

classifier performance. A bootstrap strategy could be applied to automatically generate

strong labels for VGG-Sound based on state-of-the-art audio classifier. Another line of

extension could consider constructing a new version of VGG-Sound with more classes and

larger size. [Lee et al., 2021a] use an interesting pipeline to curate 100M video clips with

competitive audio-visual correspondence (69% after human evaluation).
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Audio-visual fusion. While many machine perception models bind cross-modal repre-

sentations using middle fusion [Wang et al., 2020b; Seichter et al., 2020], or late fusion

methods [Wang et al., 2020a], a transformed-based architecture is proposed in Chapter 6

to handle configurations of different modalities, the self attention operation of transformers

can provide a natural mechanism to connect multimodal signals. However, our model is

constrained by the long sequence and deep models, which suffers from the quadratic scal-

ing problem in the all-to-all attention mechanism in the vanilla transformer. One promising

direction is proposed by Jaegle et al. [2021], who introduce a small set of latent units that

forms an attention bottleneck, allowing it to scale to handle very large inputs. Nagrani et al.

[2021] further improve this idea with modality fusion at multiple layers.

General audio-visual learning. In Chapter 4 - 6, we proposed new benchmarks and

methods for general audio-visual tasks such as localization and synchronization. How-

ever, many other audio-visual applications including audio-visual separation and genera-

tion, have not yet been solved in a wider domain with general classes. In fact, audio-visual

learning in the open world remains challenging. Association between visual/audio features

and disambiguation between instances of the same class are pivotal to achieve this goal.
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