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Deep learning has demonstrated impressive results for tasks where the training of
neural networks can be supervised with paired input and manually labelled output
data. However, labelling data can be expensive and might not be feasible for some ap-
plications. In this thesis, we consider learning from video data using less supervision
than standard supervised learning methods. In particular, we focus on self-supervised
learning, where the data itself provides supervision without requiring manually an-
notated labels, and cross-modal audio-visual learning.
Firstly, we propose two self-supervised frameworks: one for controlling face genera-
tion, and another for obtaining a meaningful face representation. We use a proxy task
to train both frameworks in a self-supervised way which exploits the knowledge that
two frames belong to the same video track. It consists of learning to warp one frame
into another, and we can leverage a large video dataset of talking faces for training.
We demonstrate the effectiveness of this proxy task for driving face generation with
a face image of the same or of a different person. This same framework can be used
to control face generation with head pose vectors or audio representations through
vector arithmetic in the embedding space. Our other proposed framework distils in-
formation about facial attributes into a face embedding which can be used for facial
landmark prediction, head pose estimation, and facial expression estimation.
Secondly, we consider the task of visual music transcription which aims to generate
audio information from visual information alone. This task is similar to lipreading in
the speech domain, and it can be particularly useful for enhancing audio information
in the presence of noise or when aiming to separate sounds of different instruments.
We pose visual music transcription as a cross-modal learning problem where audio
information is used to supervise learning from visual inputs, exploiting the natural
co-occurrence of audio and visual signals in videos. We present two frameworks for
transcribing music from videos of violin and piano playing respectively, which are
trained with pseudo ground-truth labels obtained from audio-based pitch estimation
methods. Due to the nature of the piano, the starting points of notes (note onsets)
give a clear audio signal whose energy decays quickly. This makes it difficult to derive
pseudo ground-truth note endings (note offsets) from audio information. Therefore, in
the case of piano playing, we focus on predicting note onsets only. For violin playing,
on the other hand, we predict not just the starts of notes, but also the note durations.
We curate new datasets of violin and piano playing which consist of video recordings
in constrained settings and of in-the-wild videos downloaded from YouTube. For
violin playing, the in-the-wild videos exhibit significant variation in viewpoints and
body pose of the violinists; for piano playing we only consider top-view recordings.
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Chapter 1

Introduction

As humans, we process what we see, hear, taste, touch, or smell, in order to under-

stand the world around us. Very early on, our brains start to learn to convert sensory

inputs into representations of the structure around us, which are interpreted in turn

to determine our actions.

The following example serves as an illustration of analogies between human learning1

and learning in computer vision. It showcases the relevance of associating co-occurring

audio-visual information and of seeing movement, which is particularly relevant for

cross-modal learning from audio-visual data and in self-supervised learning.

A significant amount of learning for infants is done through just observing [Meltzoff,

2007]. If someone shakes a rattle within a baby’s field of view, the baby might observe

and learn that the sound of the rattle and the rattle itself occur together. This natural

co-occurrence of audio and visual information is exploited in cross-modal audio-visual

learning.

Watching the movement (of the rattle) is a very strong cue to understand the object

structure [Johnson et al., 2003]. Parts moving together on the same trajectory are

very likely to be parts of the same object. The baby does not receive any labelled

supervisory signal when she learns to track the rattle. However, she still might recog-

nise the rattle the next time she sees it, although she might not be able to call it a

“rattle” yet. Humans might use language to describe things to the baby and label

the rattle with the word “rattle”. Even with a relatively small number of examples,

at some point, the baby might learn to associate her internal representation (that

allows her to recognise a rattle) with the word and category label (“rattle”) [Nazzi

and Gopnik, 2001].

1This is an active area of research in developmental science. We are aware that there also are
other theories as to how babies process information and learn.
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A similar way of learning is used in self-supervised learning where proxy tasks which

do not require manual labelling (such as tracking the rattle in the above example) are

used to learn useful feature representations. The resulting self-supervised representa-

tions can then be used for different downstream tasks, by mapping the representation

to labelled data (e.g. mapping the representation for the rattle to the label “rattle”).

This typically requires fewer (manual) annotations.

Self-supervised learning methods are regarded as being unsupervised, since no manual

labels are necessary to train them. Obtaining manual labels can be hard and expen-

sive, for example when it requires experts to annotate data. Instead, proxy tasks are

designed to learn invariant properties that will be useful in solving the downstream

task. Large datasets (e.g. video data) without annotations can be leveraged for train-

ing. Convolutional Neural Network (CNN) frameworks trained fully supervised might

exhibit better performances on the specific datasets and tasks that they were trained

for than self-supervised methods. However, annotated datasets for specific tasks are

limited in size, which can result in overfitting to the particular dataset and the frame-

works not being easily transferable to other datasets. Hénaff et al. [2020] and He et

al. [2020] show that their self-supervised representations can achieve better object

detection accuracy on PASCAL VOC2007 [Everingham et al., 2007] than supervised

representations where both, the self-supervised and the supervised representations,

were pre-trained on the ImageNet [Deng et al., 2009] dataset. This shows that self-

supervised features can result in more general and transferable representations of the

data.

In this thesis, we will explore CNN frameworks for self-supervised learning and cross-

modal audio-visual learning. Our work is divided into two parts.

In the first part, we aim to learn a self-supervised face representation which can be

used for a variety of tasks. Our proposed self-supervised proxy task, which allows

us to leverage a large video dataset of talking faces, consists of learning to warp one

frame from a video face track into another frame from the same face track. This is

analogous to learning to densely track image points which the baby performs when

following a rattle with her eyes. We show that our proposed proxy task indeed results

in meaningful face representations which allows us to control and manipulate face

generation and to obtain information about facial attributes (such as facial landmarks,

head pose, or facial expressions).

In the second part, we aim to extract audio information from silent videos of people

playing musical instruments. Obtaining audio information from visual information,

2



Figure 1.1: Overview of the self-supervised proxy task proposed in chapter 3 and
chapter 4. A network learns to predict the warp field to transform a source into a
target frame where both frames come from the same video face track. Establishing
dense per-pixel correspondences as a proxy task proves to be useful for understanding
the object structure.

particularly transcribing music from visual information can be very useful, for in-

stance, when the audio is missing, for polyphonic music (i.e. when more than one

note is sounding at the same time), or in the presence of noise. In those situations,

audio-based pitch estimation methods fail. We use the natural co-occurrence of au-

dio and visual information to learn to transcribe music from the corresponding visual

information of violin playing and piano playing. Finally, we show that we can use

self-supervised learning to learn to synchronise audio and visual data for piano play-

ing. This opens many avenues for further research into learning from cross-modal

self-supervision.

1.1 Outline and contributions

Self-supervised learning (chapter 3 and chapter 4): Inferring the full object

structure from only a still image without prior information is extremely difficult.

From a single, frontal view of a human face, it is very challenging to understand the

3D shape of the face very accurately - the shape of the nose, for instance, will be

ambiguous from a frontal view only. However, if we are given multiple images of

the face from different views, we might be able to better understand the structure of

that face. For this, matching reference points across the different views is essential.

Watching objects move and tracking relevant reference points amounts to establishing

correspondences between multiple views of the same object. Inspired by this obser-

vation, we leverage video data of faces of people talking and moving in order to learn

3



Figure 1.2: Overview of X2Face presented in chapter 3. The network learns face
puppeteering of a source identity with a driving target video sequence. X2Face can
also be used for driving face generation with target head poses or corresponding audio.

about the structure of faces.

In chapter 3 and chapter 4, we propose the self-supervised proxy task of learning to

warp one face image into another frame from the same video face track. This is done

by learning to predict dense per-pixel correspondences between the source and target

frame that determine bilinear sampling locations in the source frame to generate the

target frame. The proxy task is illustrated in figure 1.1.

In chapter 3, we present X2Face, a neural network model that is trained for our pro-

posed proxy task in a self-supervised manner. At test time, X2Face can be used to

drive the face of one person (source) using the movements of a face of another person

(target). The generated frame will have the identity of the source frame with the tar-

get’s pose and expression (see figure 1.2). This could be especially useful, for instance,

to modify a face along with a simultaneous translation of the speech to another lan-

guage, resulting in a coherent audio-visual translation. In addition to this, our setup

allows us to drive face generation with another modality, such as head pose or audio.2

This is done by a simple vector addition in the embedding space: we linearly map the

embedding to a bottleneck of interpretable pose angles, and back to the embedding

space. Ideally, this pose angle bottleneck would result in a backward mapped em-

bedding that encodes pose information only. By removing the original pose content

and adding on the desired backward mapped pose in the embedding space, we can

2This inspired the choice to name this framework X2Face. X is mapped onto a face, with
X ∈ {driving face image,head pose, audio}.
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Figure 1.3: Overview of F acial Attributes-Net (FAb-Net) presented in chapter 4.
FAb-Net learns to map a face image to a meaningful embedding. The embedding can
then be used for downstream tasks, such as head pose, facial landmarks, and facial
expression estimation. This demonstrates that self-supervised training for the proxy
task distils useful information into the embedding space.

drive face generation to our target pose. The same mapping can be done with other

modalities, such as for instance with audio representations. Furthermore, our model

naturally learns to disentangle the texture from the pose and expression of a face.

The obtained texture representation can be modified and used for lightweight video

editing.

In chapter 4, we propose FAb-Net, a self-supervised framework that learns a face

embedding which encodes information about F acial Attributes, such as head pose,

facial landmarks, and facial expression (see figure 1.3). It is trained for the same proxy

task as X2Face. The embedding space is the only point in the setup where information

from the source and target frames is shared. Therefore, all the information that is

necessary to determine how to warp the source into the target frame has to be encoded

in the respective face embeddings.

Cross-modal learning (chapter 5 and chapter 6): An early study by Sumby

and Pollack [1954] investigated the contribution of visual stimuli to human aural

understanding. They found that visual information can enhance aural intelligibility,

in particular in the presence of noise. This is relevant not only for speech, but

also, for instance, for music performances. The (visible) movement of the body and

musical instrument influence the produced sound. We investigate this by training

5



Figure 1.4: Overview over the visual music transcription task for violin and piano
playing presented in chapter 5 and chapter 6 respectively. Red arrows mark the piano
keys that are being pressed in the displayed frame.

neural networks that predict the audio information given the corresponding visual

information only.

In chapter 5 and chapter 6, we present frameworks that predict sound data from vi-

sual input of violin and piano playing respectively (see figure 1.4). Attributes such

as loudness, pitch, and timbre are commonly used to describe musical sounds. In our

works we focus on estimating pitch from visual information (visual music transcrip-

tion). One can consider our frameworks as imitations of perfect pitch in humans,

using visual input instead of audio input. The pitch of a musical sound reflects how

“high” or “low” a perceived sound is. For string instruments, the sounding pitch

corresponds to the lowest frequency at which a string vibrates and is also referred

to as fundamental frequency. However, the sound produced by a musical instrument

usually consists of many related frequency components (so-called harmonics) which

are integer multiples of the fundamental frequency. The presence of harmonics can

make estimating pitch from audio information alone difficult, particularly in cases

where multiple notes sound simultaneously. We treat the pitch estimation problem

as a classification problem with discrete pitch classes by representing the pitch with

its associated MIDI note.

In chapter 5, we present a framework that learns to predict pitch from video frames

of violin playing. The violin belongs to the family of bowed string instruments.

Commonly, sound is produced by drawing a bow across the strings resulting in their

vibration; alternatively, the strings can be plucked. For a detailed study on how sound

is produced on a violin, we refer the interested reader to [Chaigne and Kergomard,

2016]. Each of the four open strings of the violin has a different pitch and is controlled

with a tuning peg. The fingers of the violinist’s left hand can be placed on the strings

6



Figure 1.5: Challenging example for visual music transcription for piano playing. The
fingers occlude the relevant keys that are being played.

to shorten the sounding strings, resulting in higher pitches. The sounding pitch is de-

termined by the combination of which string(s) the bow, controlled by the violinist’s

right hand, is playing on, and the position of the fingers of the violinist’s left hand.

It is not enough to look at the left hand, as fingers could be resting on strings that

are not producing any sound and therefore are not relevant for pitch estimation. Our

proposed framework is learnt using a teacher-student training strategy which distils

information from a network that predicts pitch from audio information to a visual

network that predicts the same from visual information only. Additional loss func-

tions encourage the features from the visual student network to be close to the ones

from the audio teacher network. The visual network is used at test time to predict

pitch from visual information alone. Pseudo ground-truth pitch information to train

these networks is obtained from an audio pitch estimation method. Our framework

is trained and tested in both very constrained settings, where there is little variation

in the pose and appearance of the violinist, and also on videos of various musicians

in a wider range of settings and poses. For this, we curated a dataset of solo violin

playing from YouTube and we recorded a smaller set of videos in constrained settings

(i.e. with less variation in viewpoint and with one violinist only). Deriving the pitch

from just watching a person playing the violin can be very challenging, especially for

more extreme viewpoints, where it is not clear which of the strings is being played

and whether the fingers of the left hand are active in producing the sound or just

resting.

In chapter 6, we address the problem of obtaining note onsets for videos of piano

playing. The nature of the piano results in rather clear starting points of sounding

notes (note onsets) but makes it hard to determine when notes are ending. For an

acoustic piano, a note onset occurs when a piano hammer strikes a string. Each

hammer is controlled by a key on the keyboard, and note onsets can therefore be

7



inferred from the finger movements on the keyboard. However, the duration of a note

is more difficult to determine, since the energy of a sounding note decays quickly and

its duration can additionally be affected by using a sustain pedal. In that case, a

key does not need to be continued to be pressed by a finger to sustain a note. For a

detailed account of the physics of the piano, we refer to [Giordano, 2010]. We consider

the task of predicting note onsets from top-view piano video recordings. As there was

no dataset readily available to learn this task, we curated a dataset of top-down

piano recordings from YouTube. As those do not have note annotations, we used an

audio-based method to estimate note onsets from the audio data. Those weak pseudo-

labels served as supervision to train our networks. In order to test our networks, we

additionally recorded a smaller set of videos with ground-truth MIDI data that was

obtained using a digital piano with MIDI output. Visual music transcription can be

difficult, in particular when the hands occlude the keys. We show one such example

in figure 1.5.

Self-supervised cross-modal learning for music (chapter 7): The natural co-

occurrence of audio and visual signals provides a strong learning signal that can be

leveraged for self-supervision. In chapter 7, we present our ongoing work on using

cross-modal self-supervision from videos of piano playing. We propose a framework

that learns to detect synchronisation between audio and visual data without requiring

any manual annotations.
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1.2 Publications

This thesis is an integrated thesis, which (according to the University’s guidelines)

can consist of conventional chapters and scientific papers, or be fully paper-based.

The following papers are included in this thesis and presented in the format of their

original publication. ∗ denotes equal contribution, i.e. both authors contributed

equally to conception, implementation, experiments, and paper writing.

O. Wiles∗, A. S. Koepke∗, and A. Zisserman. X2Face: A network for

controlling face generation by using images, audio, and pose codes. In

European Conference in Computer Vision, 2018. [Wiles et al., 2018b]

O. Wiles∗, A. S. Koepke∗, and A. Zisserman. Self-supervised learning of

a facial attribute embedding from video. In British Machine Vision Con-

ference, 2018. [Wiles et al., 2018a]

A. S. Koepke, O. Wiles, and A. Zisserman. Visual pitch estimation. Sound

and Music Computing Conference, 2019. [Koepke et al., 2019]

A. S. Koepke, O. Wiles, Y. Moses, and A. Zisserman. Sight to sound:

An end-to-end approach for visual piano transcription. In International

Conference on Acoustics, Speech, and Signal Processing, 2020. [Koepke et

al., 2020]

The following publication is included in the appendix to this thesis.

O. Wiles, A. S. Koepke, and A. Zisserman. Self-supervised learning of

class embeddings from video. In International Conference in Computer

Vision Workshops, 2019. [Wiles et al., 2019]
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Chapter 2

Literature review

In this chapter, we review related work in the areas of self-supervised and cross-modal

learning.

We first give an overview of methods using self-supervised learning from image and

video data in chapter 2.1.1 and chapter 2.1.2 respectively. Those works are closely

related to our proposed self-supervised proxy task (used in chapter 3 and chapter 4),

and in particular to our work on controlling face generation (chapter 3). Next, we con-

sider self-supervised methods for learning class-specific representations in chapter 2.1.3,

which are very relevant to our work on learning class-specific representations for faces

in chapter 4 and for representations for other classes, such as humans and horses in

appendix A. For a more detailed survey of self-supervised learning with deep learning,

we refer the reader to the survey by Jing and Tian [2019].

Furthermore, we summarise audio-visual cross-modal learning methods in chapter 2.2.1

with a particular focus on music applications in chapter 2.2.2; these are most relevant

to our work on estimating sound from visual information alone, which is presented in

chapter 5 and chapter 6.

In chapter 8, we discuss related work that was published since our papers.

2.1 Self-supervised image representation learning

Self-supervised learning commonly consists of learning auxiliary tasks that use in-

formation contained in the data itself as supervision. As no manual annotations

are used, self-supervised learning methods can be regarded as unsupervised learning

methods. Those auxiliary tasks are typically referred to as proxy or pretext tasks. We

believe that the term proxy better describes the tasks we are considering than the

10



word pretext1.

The aim of learning to solve the proxy tasks is to learn feature representations that

capture meaningful information about the data. Useful feature representations should

encode an input in such a way that statistical dependencies in the representation and

thereby redundancy is reduced [Barlow and others, 1961; Barlow, 1989; Olshausen

and Field, 1997]. Representations resulting from task-specific supervision may not

generalise well to other tasks. Self-supervised training has the advantage of produc-

ing more general representations of the data which can be used for different tasks

and domains [Hénaff et al., 2020; He et al., 2020]. Furthermore, large-scale data can

be leveraged without requiring costly manual annotations. Self-supervised represen-

tations are commonly evaluated on downstream tasks by learning a linear classifier

from the self-supervised representation to labels of an annotated dataset. In partic-

ular, features learned using large quantities of available data can be transferred to

tasks/domains with only smaller annotated datasets, for instance in areas where an-

notations are difficult and expensive to obtain (for example, when labelling requires

expert knowledge). In the following, we distinguish, similar to Jing and Tian [2019],

between generation-based and context-based self-supervised methods.

2.1.1 Learning from images

Generation-based methods: One example of learning in a self-supervised way is

the use of autoencoders which encode an input to a feature representation and then

decode the same to reconstruct the input [Hinton and Salakhutdinov, 2006]. However,

the learnt representation can be improved by tasking the network to perform other

proxy tasks that are more difficult than to simply reconstruct the input. This can

be done, for example, by removing or modifying some parts of the input data and

tasking the network to reconstruct the perturbed parts.

In the following we give an incomplete summary of different methods that use self-

supervised proxy tasks to learn useful representations from images.

Image data itself can provide supervision, for example for generative tasks, such as

inpainting images [Pathak et al., 2016]. Zhang et al. [2016] learn to colourise greyscale

images. Zhang et al. [2017] build on this and propose the split-brain autoencoder

which, in addition to solving the colourisation task (which in the Lab colour space

consists of predicting the a and b channels from the L channel), also performs the

1Pretext is described in the Oxford University Press Lexico dictionary as “A reason given in
justification of a course of action that is not the real reason”, proxy as “A figure that can be used
to represent the value of something in a calculation” [OUP, Oxford University Press 2019].
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opposite (predicting the L channel from the a and b channels). We compare our self-

supervised face representations learned with FAb-Net in chapter 4 to the split-brain

autoencoder representation.

Context-based methods: Several proxy tasks have been proposed that exploit

the spatial structure and context in images, such as predicting the relative location of

an image patch in the image [Doersch et al., 2015] or solving a jigsaw puzzle [Noroozi

and Favaro, 2016].

Another effective image-level task is to transform images via a synthetic rotation or

translation and to train a CNN to classify the transformation [Gidaris et al., 2018;

Agrawal et al., 2015]. A series of frameworks apply synthetic warps to images in

order to learn equivariant pixel embeddings [Novotny et al., 2018; Thewlis et al.,

2017b,a] which can serve as class representations. Similar to these methods, our self-

supervised proxy task also must also learn to model deformations of an object (a face)

between two input images. However, our two input images are simply taken from the

same video track and therefore the transformation from one image to another is not

given by a known synthetic deformation. Instead, we formulate our proxy task as a

generative task, where the network has to determine how to warp the source frame

to obtain the target frame. As a result, the learned representation is more powerful

when transferred to prediction tasks which require knowledge of these deformations

(e.g. pose/expression prediction for faces). We will review methods which aim at

learning class representations in more detail in chapter 2.1.3.

2.1.2 Learning from videos

Video data is available in large amounts (e.g. online on platforms like YouTube) and

can be leveraged to train visual representations without the need for manual labelling.

The use of dynamic input for learning is closer to the visual input used by humans

for learning than static labelled image data. Video data has inherent spatial and

temporal structure that can be leveraged when learning without manual annotations.

Context-based methods: Common proxy tasks for self-supervised learning from

video data make use of the temporal ordering of frames. Földiák [1991] learns features

that are invariant to the spatial movement of a pattern using the assumption that

features should be stable across time. Becker [1993] also uses the assumption of

temporal coherence in image sequences to expand the transformation-invariance to

12



more challenging object recognition by maximising mutual information between class

predictions at neighbouring time steps.

Misra et al. [2016] consider the correctness of the temporal ordering of video frames

as a binary classification problem which serves as their proxy task. Fernando et al.

[2017] also exploit the arrow of time and propose Odd-One-Out networks trained

with a multi-way classification loss to recognise video sequences with wrong temporal

order. Their setup exploits the temporal consistency across nearby video frames as

a training signal. Lee et al. [2017] learn to not only recognise incorrect temporal

ordering in a video sequence, but they also learn to order a shuffled video sequence.

This results in a rich image representation that can be used for both, video and image

tasks. Xu et al. [2019a] learn to order shuffled clips instead of shuffled frames by using

3D CNNs to extract features for the clips from which the actual ordering of the video

clips is predicted. Their self-supervised pre-training beats ImageNet pre-training

when finetuning for action recognition. Dwibedi et al. [2019] introduce temporal cycle

consistency learning, a self-supervised proxy task which learns to align video sequences

of the same action. Learning is achieved by minimising a cycle consistency error which

consists of finding nearest-neighbour representations of frames from pairs of frame

sequences in the embedding space. The cycle consistency error is minimised when

cycling from a frame representation in the first sequence to the nearest-neighbour

representation in another sequence and back to the nearest-neighbour in the first

sequence brings us back to the frame representation in the first sequence that we

started from, closing the cycle.

Another method that leverages video data to learn image representation is [Wang

and Gupta, 2015], which uses a triplet ranking loss to learn to track patches in the

video by enforcing that tracked patches have more similar feature representations

than random patches.

Generation-based methods: However, more related to our proposed proxy task

are generative tasks that use frame synthesis to learn useful representations. Srivas-

tava et al. [2015] learn to generate both the input sequence and a future sequence

using a LSTM encoder-decoder framework. Denton and Birodkar [2017] learn to

predict future frames by factorising frame representations into content and pose rep-

resentations using adversarial loss functions for training. Future frames are generated

from the pose and content representations using a U-Net [Ronneberger et al., 2015]

style LSTM decoder. Villegas et al. [2017] also separate content and motion represen-

tations. They use image differences as inputs for obtaining the motion representation
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which is combined with a content representation from a single frame to generate the

next frame. However, these approaches are deterministic, which might not be the

most suitable choice for the prediction of uncertain future events.

Another line of work that addresses frame synthesis as a self-supervised task or proxy

task builds on the Spatial Transformer module proposed by Jaderberg et al. [2015].

This learns to transform feature maps conditioned on the input without requiring

direct supervision for the transformation itself. Similar to our X2Face and FAb-Net

frameworks, Finn et al. [2016] predict affine image transformations which determine a

warping field to generate future frames, encouraging their model to focus on motion

rather than object appearances. However, they consider solely the task of action-

conditioned frame synthesis and do not evaluate their learnt representations on other

downstream tasks. Even more closely related to our proposed self-supervised proxy

task is the framework by Pătrăucean et al. [2016] which learns a dense transformation

map that warps the current frame into the next frame. They extend the Spatial

Transformer module to a dense grid such that it consists of per-pixel transformations

instead of a single transformation for the full image. Their motion prediction is

conditioned on a number of past frames. In contrast, our proxy task of warping one

frame into another frame from the same video track does not leverage the temporal

ordering present in a video. In contrast, [Xue et al., 2016; Jia et al., 2016] explicitly

predict the motion between frames as a convolutional kernel.

2.1.3 Learning of class representations

A useful class representation should ideally capture as much information about the

class as possible. We use the term class to connote an object category (such as the

face, human body, or hose categories). For the face class, we would like to learn a

representation which contains not merely information about face identity, but also

about facial attributes, such as head pose, or facial expression. A first step towards

obtaining a useful class representation is to be able to establish correspondences

between relevant locations in different face images.

Correspondences between images are essential for numerous problems in computer vi-

sion, such as, for instance, 3D reconstruction from multiple images. Classical methods

for obtaining 3D reconstructions from multiple images, which use for instance bundle

adjustment [Triggs et al., 1999], rely on minimising a photometric reprojection error

between observed and projected image points. This does not necessarily result in es-

tablishing semantically meaningful correspondences between different objects. In the

context of object recognition, extracted image features can be compared to features
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of a stored model or reference image. Felzenszwalb and Huttenlocher [2005] introduce

pictorial structure models for part-based object recognition. Such a model is given by

a collection of parts and their connections between one another, and it is matched to

an image by matching parts to image data while respecting the deformable model’s

properties. One way to represent the face class is a 3D morphable model (3DMM)

[Blanz and Vetter, 1999]. The 3DMM can be fitted to an image end-to-end using

facial landmarks or a photometric error as supervision [Bas et al., 2017; Tewari et

al., 2017]. Facial landmarks describe salient parts of a face, such as the eyes, nose,

mouth, and the jawline. They allow the establishment of correspondences between

images of different face identities and can therefore already be considered as face

representations.

A line of work learns landmarks in an unsupervised fashion. Thewlis et al. [2017b]

apply synthetic warps to images in order to learn a sparse set of unsupervised object

landmarks. Their loss function enforces that a fixed number of detected points must

be equivariant with respect to the applied warps. This approach is extended to

learning dense, pixel-wise representations of the object structure in [Thewlis et al.,

2017a]. Each object point is mapped to a canonical location in the latent space that

is homeomorphic to a sphere. Both methods use the known correspondences from

the applied warps.

Zhang et al. [2018] and Jakab et al. [2018] also build on Thewlis et al. [2017b] and use

the discovered landmarks to reconstruct the input image. The discovered landmarks

are passed into the decoder along with appearance features to generate the original

input. Jakab et al. [2018], similar to our X2Face and FAb-Net frameworks, use

different images of the same video tracks to obtain image pairs and learn using a pixel-

wise photometric loss. Unlike X2Face, which can be used to drive face generation by

using audio, head pose or another face, their method can only be used to drive a face

with another face or with target landmarks. Furthermore, our FAb-Net framework

does not aim solely to obtain facial landmarks like [Jakab et al., 2018] but also results

in more generic representations that can be used for predicting facial expression and

head pose.

2.2 Cross-modal audio-visual learning

Humans with no hearing or visual impairments make use of audio-visual associations

in many everyday situations. One modality can provide cues about the other, as,
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for instance, when humans perceive speech. This has been studied experimentally in

depth and has influenced the design of automatic speech recognition systems.

In 1976, McGurk and MacDonald [1976] described the so-called McGurk effect which

demonstrates the role of vision for speech perception. They performed a study which

consisted of two parts: in the first part, the subjects had to listen to auditory in-

formation and then repeat what they heard; in the second part, they watched a

dubbed video while listening to auditory information containing either matching or

non-matching spoken syllables. They found that hearing and seeing were intertwined

with one another and that perceived lip movements had a significant impact on the

perception of speech for people with no hearing impairment. They observed a stronger

influence of visual information on audio perception in adults than in younger children.

However, Kuhl and Meltzoff [1982] demonstrated that 4-5 months old infants are al-

ready able to detect the correspondence between visually and auditorily perceived

speech.

Several studies [Erber, 1969; Dodd, 1977; Summerfield, 1979] showed that this bi-

modal correspondence can be very useful when noise is obstructing the auditory

perception of speech, since the visual information can then provide complementary

signals. Lipreading (i.e. understanding speech from mouth movements) is used not

only by humans with a hearing impairment, but also by humans with good hearing.

However, most people are not trained to fully understand speech from the lip move-

ments alone, but rather process correlated visual information along with the audio

information. This is useful for instance at a noisy party (also known as the cocktail

party problem [Cherry, 1953]) where lipreading can help to focus attention on the

voice that matches the lip movements of one person while ignoring other voices and

noise.

Human sensitivity to the synchronisation of auditory and visual signals is very strong.

This also allows the localisation of sound sources which can result in the so-called

ventriloquism effect. This occurs when the perceived sound source is known to be

false, e.g. a television screen [Thomas, 1941; Bertelson and Radeau, 1981].

These observations inspire the use of co-occurring visual and audio information as

a rich signal to train neural networks for obtaining useful visual representations.

Video data containing audio provides audio-visual correspondence for free, without

the need for manual annotations. However, curating videos which provide a strong

enough training signal can be challenging, since visible sound sources are sometimes

not audible as they can be obfuscated by other background noise from sources that are

outside the field of view. There has been a series of works exploiting the correlation
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of audio and visual information in video data. We will give an overview of some

representative works in the following.

2.2.1 Joint training of audio and visual networks

de Sa [1994a,b] proposed learning jointly from matching audio and visual information

where one modality provides the labelling signal for the other one. The introduced al-

gorithm is based on the minimisation of the disagreement error between the correlated

audio and visual representations.

The idea of using the knowledge of audio-visual synchronisation to jointly embed

audio and visual information has been further explored for learning visual and audio

embeddings. These have proven useful for sound source localisation and separation,

cross-modal retrieval, sound classification, and action recognition.

Joint audio-visual embeddings

When given a sound, [Hershey and Movellan, 2000; Kidron et al., 2005, 2007; Arand-

jelović and Zisserman, 2017, 2018; Zhao et al., 2018, 2019; Owens and Efros, 2018]

all localise the sound by highlighting the parts in an image that are associated with

audio sources. Hershey and Movellan [2000] maximise the mutual information be-

tween audio and visual features to find the image regions that are correlated with

audio, e.g. faces of people speaking in videos. [Kidron et al., 2005, 2007]’s “Pixels

that sound” considers a broader range of applications beyond talking faces, and im-

poses spatial sparsity on canonical correlation analysis for regularisation. Owens and

Efros [2018] propose an early-fusion CNN model that, given audio and visual input,

learns whether the inputs are synchronised or shifted. Their learnt representation

can be used for sound source localisation; they show that it also serves as a good

pre-training for action recognition tasks. Furthermore, their network can be adapted

for sound source separation. Zhao et al. [2018, 2019] propose frameworks to separate

sounds of musical instruments into a set of components that represent the sound from

each pixel. During training, sound tracks are mixed together and the network is then

tasked to separate them based on a visual input that corresponds to one of the orig-

inal audio signals. While Zhao et al. [2018] seem mainly to rely on image semantics

to separate sounds, Zhao et al. [2019] consider the motion information in the video

explicitly. This results in their framework being able to separate sounds from two

semantically similar sound sources. Rouditchenko et al. [2019] also build on [Zhao

et al., 2018] with the goal of using the image and the audio networks independently

after training.
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Unlike approaches that mix sound tracks together and learn to separate them to

obtain the original sounds, Gao et al. [2018] use non-negative matrix factorisation to

obtain object category bases, leveraging a ImageNet pretrained network to get weak

labels for the objects present in a visual frame. The disentangled object bases can

then be used for audio source separation. Gao and Grauman [2019] build on this and

introduce a co-separation framework that is trained by learning to separate shared

object sounds in two videos from different background sounds in the respective videos.

Xu et al. [2019b] separate sounds recursively by removing sounds in descending energy

order until a sound mixture is empty or consists of noise only. This allows for more

flexibility as the number of sound sources does not have to be specified a priori.

Other methods use more supervision to localise sound in images; Senocak et al. [2018]

learn to predict an attention mask on the image for sounds from the Flickr-SoundNet

dataset [Aytar et al., 2016] which is refined by using manually annotated sound source

bounding boxes.

Mapping audio and visual information to the same embedding space enables cross-

modal retrieval [Arandjelović and Zisserman, 2018] and sound classification [Arand-

jelović and Zisserman, 2017; Korbar et al., 2018]. Korbar et al. [2018] build on [Arand-

jelović and Zisserman, 2017, 2018] and improve the sound classification significantly.

Their curriculum learning scheme includes hard negative samples which are chosen

from the same video, encouraging the network to not only focus on image semantics,

but on the precise synchronisation of visual and audio events. In addition to this,

they show that their training serves as a useful pre-training for subsequent action

recognition.

Other works have used one modality to learn a better representation for the other

modality. For instance, Owens et al. [2016b] use ambient sound as supervision to

learn better visual representations. Soundnet [Aytar et al., 2016], on the other hand,

learn a deep representation of natural sounds without using any ground truth sound

labels by distilling knowledge from a visual recognition network into a network that

takes sound as input. The visual network serves as a teacher to the sound network.

Audio-visual learning for speech

The availability of audio-visual data of talking heads, along with advances in computer

vision for the face domain (e.g. face detection), have resulted in audio-visual speech

lending itself as a natural first step towards more general audio-visual learning. Yuhas

et al. [1989] presented a neural network framework that generates the corresponding

acoustic spectrum from images of a person forming vowels alone. They demonstrated

18



that using visual information in addition to noisy audio improves vowel recognition

performance. This is done by adding a vowel recogniser after combining information

from the different modalities.

Audio-visual alignment for speech is also explored as a task in itself. Synchronisa-

tion frameworks can be used to align speech to the corresponding video [Chung and

Zisserman, 2016a; Chung et al., 2019]. SyncNet [Chung and Zisserman, 2016a] is

set up to learn a joint embedding from a sequence of face crops and corresponding

audio signal. It is trained using a contrastive loss to minimise the distance between

matching audio and visual features and to maximise the same for non-matching fea-

tures. The learnt embedding can be used for active speaker detection and lip reading.

Lipreading is further explored in depth in [Chung and Zisserman, 2016b]. Chung et

al. [2019] build on [Chung and Zisserman, 2016a] by changing their training objective

to a multi-way matching loss. Jha et al. [2018] address a related task, learning to spot

words in silent videos instead of learning to recognise words. Several works have used

visual information to address the cocktail party problem where the aim is to isolate

the relevant speech and to suppress other noise sounds [Ephrat et al., 2018; Afouras

et al., 2018; Owens and Efros, 2018].

Sound from vision beyond lipreading

Davis et al. [2014] use high framerate silent video recordings of object vibrations to

recover the sound that caused the vibration of the object (e.g. the sound of hitting

the object). Their method turns everyday objects, such as a glass of water, into

visual microphones. In contrast, Owens et al. [2016a] record a video dataset of people

hitting, scratching, and prodding different objects with a drumstick. Their proposed

framework uses this dataset to learn to generate plausible sounds that correspond to

a visible action. Other works have considered the problem of generating in-the-wild

sounds (e.g. ambient sounds but also sounds from people) that match visual frames

[Zhou et al., 2018].

2.2.2 Audio-visual learning for music

Even though music is often seen as an aural art form, there are many factors that

make music an audio-visual art. In conventional music performances, sound is the

result of the movement of a human performer. In addition to motion causing the pro-

duced sound (for example, when a pianist hits keys of the keyboard), the perceiver’s

experience of a music performance can also be influenced by auxiliary visual infor-

mation and movement (for example, if the pianist is smiling or frowning, this might
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change how the music is perceived). Davidson [1993] conducted studies which demon-

strated that vision is in some cases more informative than sound for the perception

of the expressive intentions of a musician.

In order to better understand the interplay of audio and visual information, Li et

al. [2019a] recorded the URMP video dataset which consists of video recordings of

western classical chamber music with a variety of string and wind instruments. The

videos of individual musicians were recorded separately and then added together to

give full performances. Li et al. [2017a] train and test on the URMP dataset to

perform audio source association with the musicians that are visible. They exploit

the bowing motion of string instrument players using optical flow and match bowing

onsets with note onsets in the aligned music score. Li et al. [2017b], on the other hand,

analyse vibrato-patterns in the audio and video frames for audio-visual association.

Chen et al. [2017] go beyond this and address the problem of cross-modal audio-visual

generation for the URMP dataset. They train conditional Generative Adversarial

Networks (GANs) to generate a spectrogram when given an input image and to

generate an image when given an input sound. Hao et al. [2018] consider the same

problem and present an end-to-end trainable framework for the generation in both

directions which is based on CycleGAN [Zhu et al., 2017]. However, both frameworks

leave room for improvement in terms of the image quality of the generated frames. A

single video frame is taken as input and generation target, which results in a generated

output that does not contain temporal information. The results seem to only reflect

the semantic classes. Instead of generating images corresponding to music, several

methods have been proposed to predict human body keypoints. Yamamoto et al.

[2010] predict finger motion for piano players given the music score, and Shlizerman

et al. [2018] learn to predict arm and hand keypoints for violin and piano players from

audio input. Li et al. [2018] focus on the pianist’s expressive body motion rather than

the precise hand movements using MIDI data as input.

A slightly easier problem than generating spectrograms from visual information alone

is the task of visually informed audio inpainting which consists of synthesising miss-

ing audio that corresponds to given video frames. Zhou et al. [2019b] introduce a

method that inpaints 0.8 second audio segments using video frames and optical flow

as input. Whilst their audio inpainting results sound convincing, they only show

results for cases where the inpainting task consists of elongating notes that start or

end outside the missing segment. In particular, no notes are generated that would be

fully contained (ı.e. start and end) within the missing 0.8 second segment. In order

to generate new notes that are fully contained in the missing segment, the network
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would have to use very fine-grained information (e.g. from the fingers of the musician,

or the vibration of the strings). This would result in a problem that is more similar

to visual music transcription.

Visual music transcription

Visual music transcription is the task of obtaining a symbolic music representa-

tion, such as MIDI or music notation, from visual information alone. Methods for

a variety of musical instruments have been proposed, but they only work in ex-

tremely constrained settings, e.g. requiring recordings from high framerate cameras.

Gómez Gutiérrez et al. [2017] and Bazzica et al. [2017] propose to transcribe music

from clarinet playing videos using the hand movements. Zhang et al. [2007] detect the

strings of a violin and recognise finger events (e.g. their position and string pressing

events) in order to transcribe violin music. Their method requires tracking the fingers

and the strings, and makes assumptions about the length of the fingerboard. This

requires perfect visual alignment of the data. We propose a method for visual pitch

estimation for violin playing in chapter 5 that does not make such assumptions and

can be applied to in-the-wild data downloaded from YouTube.

Goldstein and Moses [2018] present a framework that extracts the vibration of gui-

tar strings from high framerate camera recordings of a camera that is mounted on

the guitar to transcribe guitar music from silent video. This has similarities to the

earlier mentioned work by Davis et al. [2014] that recovers sound from visible object

vibrations. However, these methods require high framerate video recordings.

Several methods have addressed the problem of visual piano transcription from top-

down views onto a keyboard. Suteparuk [2014] and Akbari and Cheng [2015] use

RGB images and require difference images between the background and current video

frame to detect hands and piano keys. However, this is difficult to obtain when the

illumination changes across the video or when shadows appear. Akbari and Cheng

[2015] add an illumination correction step in their pipeline, but the authors also

report limitations for drastic light changes or vibrations of the camera or piano. Deb

and Rajwade [2016] predict per-frame key presses even under illumination changes;

however, their set-up is quite constrained and can only predict a single key press per

frame. Nisbet and Green [2017] additionally use depth information, which enables

finger and key velocity prediction. Possible use cases for visual piano transcription

include piano tutoring systems. Rho et al. [2014] present such a system which uses

depth cameras to identify key presses. Gorodnichy and Yogeswaran [2006] consider

the hands and in particular the fingers to detect and teach piano fingering. Oka and
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Hashimoto [2013] also estimate the fingering, but use a dictionary dataset to find

nearest neighbours at test time. It is not clear whether this method would generalise

were it applied to an unseen pianist.

Akbari et al. [2018] present a multi-step pipeline that requires significant preprocess-

ing. Given a processed crop of a single key, their CNNs predict whether the key has

been pressed. Akbari et al. [2018] relies on key presses that are clearly visible from

video frame differences. Again, this may not be the case when there is video jitter, in-

strument vibrations, low-resolution video data, or video recorded from directly above

the keyboard.

Lee et al. [2019] present a deep learning approach that uses both audio and visual

information, to detect key presses. They only demonstrate their method on high-

quality videos (recorded at 60 fps) and simple pieces (e.g. piano exercises that have

at most one note per hand at the same time).

Our method for visual music transcription for piano playing (see chapter 6) does not

require high framerate videos and works in fairly unconstrained recording settings

with different musicians, pianos, and lighting variation.
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Chapter 3

X2Face: A network for controlling
face generation by using images,
audio, and pose codes

This work was presented as a poster at the European Conference on Computer Vision

(ECCV), 2018.

We introduce a self-supervised framework that allows to drive face generation with

another face image. The same framework can be used to control face generation with

another modality, such as head pose or audio. Furthermore, this setup can be used

for lightweight video editing.
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Abstract. The objective of this paper is a neural network model that
controls the pose and expression of a given face, using another face or
modality (e.g. audio). This model can then be used for lightweight, so-
phisticated video and image editing.
We make the following three contributions. First, we introduce a network,
X2Face, that can control a source face (specified by one or more frames)
using another face in a driving frame to produce a generated frame with
the identity of the source frame but the pose and expression of the face in
the driving frame. Second, we propose a method for training the network
fully self-supervised using a large collection of video data. Third, we show
that the generation process can be driven by other modalities, such as
audio or pose codes, without any further training of the network.
The generation results for driving a face with another face are com-
pared to state-of-the-art self-supervised/supervised methods. We show
that our approach is more robust than other methods, as it makes fewer
assumptions about the input data. We also show examples of using our
framework for video face editing.

1 Introduction

Being able to animate a still image of a face in a controllable, lightweight manner
has many applications in image editing/enhancement and interactive systems
(e.g. animating an on-screen agent with natural human poses/expressions). This
is a challenging task, as it requires representing the face (e.g. modelling in 3D)
in order to control it and a method of mapping the desired form of control
(e.g. expression or pose) back onto the face representation. In this paper we
investigate whether it is possible to forgo an explicit face representation and
instead implicitly learn this in a self-supervised manner from a large collection
of video data. Further, we investigate whether this implicit representation can
then be used directly to control a face with another modality, such as audio or
pose information.
To this end, we introduce X2Face, a novel self-supervised network architecture
that can be used for face puppeteering of a source face given a driving vector.

* Denotes equal contribution.
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Fig. 1: Overview of X2Face: a model for controlling a source face using a driv-
ing frame, audio data, or specifying a pose vector. X2Face is trained without
expression or pose labels.

The source face is instantiated from a single or multiple source frames, which are
extracted from the same face track. The driving vector may come from multiple
modalities: a driving frame from the same or another video face track, pose
information, or audio information; this is illustrated in Fig. 1. The generated
frame resulting from X2Face has the identity, hairstyle, etc. of the source face
but the properties of the driving vector (e.g. the given pose, if pose information
is given; or the driving frame’s expression/pose, if a driving frame is given).
The network is trained in a self-supervised manner using pairs of source and driv-
ing frames. These frames are input to two subnetworks: the embedding network
and the driving network (see Fig. 2). By controlling the information flow in the
network architecture, the model learns to factorise the problem. The embedding
network learns an embedded face representation for the source face – effectively
face frontalisation; the driving network learns how to map from this embedded
face representation to the generated frame via an embedding, named the driving
vector.
The X2Face network architecture is described in Section 3.1, and the self-supervised
training framework in Section 3.2. In addition we make two further contribu-
tions. First, we propose a method for linearly regressing from a set of labels
(e.g. for head pose) or features (e.g. from audio) to the driving vector; this is
described in Section 4. The performance is evaluated in Section 5, where we
show (i) the robustness of the generated results compared to state-of-the-art
self-supervised [45] and supervised [1] methods; and (ii) the controllability of
the network using other modalities, such as audio or pose. The second contribu-
tion, described in Section 6, shows how the embedded face representation can be
used for video face editing, e.g. adding facial decorations in the manner of [31]
using multiple or just a single source frame.

2 Related work

Explicit modelling of faces for image generation. Traditionally facial an-
imation (or puppeteering) given one image was performed by fitting a 3DMM
and then modifying the estimated parameters [3]. Later work has built on the
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fitting of 3DMMs by including high level details [34,41], taking into account ad-
ditional images [33] or 3D scans [4], or by learning 3DMM parameters directly
from RGB data without ground truth labels [39,2]. Please refer to Zollhöfer et.
al. [46] for a survey.

Given a driving and source video sequence, a 3DMM or 3D mesh can be obtained
and used to model both the driving and source face [43,40,10]. The estimated 3D
is used to transform the expression of the source face to match that of the driving
face. However, this requires additional steps to transfer the hidden regions (e.g.
the teeth). As a result, a neural network conditioned on a single driving image
can be used to predict higher level details to fill in these hidden regions [25].

Motivated by the fact that a 3DMM approach is limited by the components
of the corresponding morphable model, which may not model the full range of
required expressions/deformations and the higher level details, [1] propose a 2D
warping method. Given only one source image, [1] use facial landmarks in order
to warp the expression of one face onto another. They additionally allow for fine
scale details to be transferred by monitoring changes in the driving video.

An interesting related set of works consider how to frontalise a face in a still
image using a generic reference face [14], transferring expressions of an actor to
an avatar [35] and swapping one face with another [20,24].

Learning based approaches for image generation. There is a wealth of lit-
erature on supervised/self-supervised approaches; here we review only the most
relevant work. Supervised approaches for controlling a given face learn to model
factors of variation (e.g. lighting, pose, etc.) by conditioning the generated im-
age on known ground truth information which may be head pose, expression, or
landmarks [44,21,42,5,12,30]. This requires a training dataset with known pose or
expression information which may be expensive to obtain or require subjective
judgement (e.g. in determining the expression). Consequently, self-supervised
and unsupervised approaches attempt to automatically learn the required fac-
tors of variation (e.g. optical flow or pose) without labelling. This can be done
by maximising mutual information [7] or by training the network to synthesise
future video frames [29,11].

Another relevant self-supervised method is CycleGAN [45] which learns to trans-
form images of one domain into those of another. While not explicitly devised
for this task, as CycleGAN learns to be cycle-consistent, the transformed images
often bear semantic similarities to the original images. For example, a CycleGAN
model trained to transform images of one person’s face (domain A) into those
of another (domain B), will often learn to map the pose/position/expression of
the face in domain A onto the generated face from domain B.

Using multi-modal setups to control image generation. Other modalities,
such as audio, can control image generation by using a neural network that learns
the relationship between audio and correlated parts in corresponding images.
Examples are controlling the mouth with speech [8,38], controlling a head with
audio and a known emotional state [16], and controlling body movement with
music [36].



4 O. Wiles, A. S. Koepke, and A. Zisserman

Our method has the benefits of being self-supervised and the ability to control
the generation process from other modalities without requiring explicit modelling
of the face. Thus it is applicable to other domains.

3 Method

This section introduces the network architecture in Section 3.1, followed by the
curriculum strategy used to train the network in Section 3.2.

Fig. 2: An overview of X2Face during the initial training stage. Given multiple
frames of a video (here 4 frames), one frame is designated the source frame and
another the driving frame. The source frame is input to the embedding network,
which learns a sampler to map pixels from the source frame to the embedded
face. The embedded face effectively results in a rolled out frontalised face image
(but we do not enforce that this should be a frontalised or neutral face). The
driving frame is input to the driving network, which learns to map pixels from
the embedded face to the generated frame. The generated frame should have the
identity of the source frame and the pose/expression of the driving frame. In
this training stage, as the frames are from the same video, the generated and
driving frames should match. However, at test time the identities of the source
and driving face can differ.

3.1 Architecture

The network takes two inputs: a driving and a source frame. The source frame
is input to the embedding network and the driving frame to the driving net-
work. This is illustrated in Fig. 2. Precise architectural details are given in the
supplementary material in Section A.1 and Section A.2.
Embedding network. The embedding network learns a bilinear sampler to de-
termine how to map from the source frame to a face representation, the embedded
face. The architecture is based on U-Net [32] and pix2pix [15]; the output is a
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2-channel image (of the same dimensions as the source frame) that encodes the
flow δx, δy for each pixel.
While the embedding network is not explicitly forced to frontalise the source
frame, we observe that it learns to do so for the following reason. Because the
driving network samples from the embedded face to produce the generated frame
without knowing the pose/expression of the source frame, it needs the embedded
face to have a common representation (e.g. be frontalised) across source frames
with differing poses and expressions.
Driving network. The driving network takes a driving frame as input and
learns a bilinear sampler to transform pixels from the embedded face to produce
the generated frame. It has an encoder-decoder architecture. In order to sample
correctly from the embedded face and produce the generated frame, the latent
embedding (the driving vector) must encode pose/expression/zoom/other factors
of variation.

3.2 Training the network

Fig. 3: The identity loss function when the source and driving frames are of
different identities. This loss enforces that the generated frame has the same
identity as the source frame.

The network is trained with a curriculum strategy using two stages. The first
training stage (I) is fully self-supervised. In the second training stage (II), we
make use of a CNN pre-trained for face identification to add additional con-
straints based on the identity of the faces in the source and driving frames to
finetune the model following training stage (I).
I. The first stage (illustrated in Fig. 2) uses only a pixelwise L1 loss between the
generated and the driving frames. Whilst this is sufficient to train the network
such that the driving frame encodes expression and pose, we observe that some
face shape information is leaked through the driving vector (e.g. the generated
face becomes fatter/longer depending on the face in the driving frame). Conse-
quently, we introduce additional loss functions – called identity loss functions –
in the second stage.
II. In the second stage, the identity loss functions are applied to enforce that the
identity is the same between the generated and the source frames irrespective
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of the identity of the driving frame. This loss should mitigate against the face
shape leakage discussed in stage I. In practice, one source frame sA of identity
A, and two driving frames dA,dR are used as training inputs; dA is of identity A
and dR a random identity. This gives two generated frames gdA , gdR respectively,
which should both be of identity A. Two identity loss functions are then imposed:
Lidentity(dA, gdA) and Lidentity(sA, gdR). Lidentity is implemented using a network
pre-trained for identity to measure the similarity of the images in feature space
by comparing appropriate layers of the network (i.e. a content loss as in [13,6]).
The precise layers are chosen based on whether we are considering gdA or gdR :

1. Lidentity(dA, gdA). gdA should have the same identity, pose and expression as
dA so we use the photometric L1 loss and a L1 content loss on the Conv2-5
and Conv7 layers (i.e. layers that encode both lower/higher level information
such as pose/identity) between gdA and dA.

2. Lidentity(sA, gdR) (Fig. 3). gdR should have the identity of sA but the pose
and expression of dR. Consequently, we cannot use the photometric loss but
only a content loss. We minimise a L1 content loss on the Conv6-7 layers
(i.e. layers encoding higher level identity information) between gdA and sA.

The pre-trained network used for these losses is the 11-layer VGG network (con-
figuration A) [37] trained on the VGG-Face Dataset [26].

4 Controlling the image generation with other modalities

Given a trained X2Face network, the driving vector can be used to control the
source face with other modalities such as audio or pose.

4.1 Pose

Instead of controlling the generation with a driving frame, we can control the
head pose of the source face using a pose code such that when varying the
code’s pitch/yaw/roll angles, the generated frame varies accordingly. This is done
by learning a forward mapping fp→v from head pose p to the driving vector
v such that fp→v(p) can serve as a modified input to the driving network’s
decoder. However, this is an ill-posed problem; directly using this mapping loses
information, as the driving vector encodes more than just pose.
As a result, we use vector arithmetic. Effectively we drive a source frame with
itself but modify the corresponding driving vector vsourceemb to remove the pose
of the source frame psource and incorporate the new driving pose pdriving. This
gives:

vdrivingemb = vsourceemb + v∆poseemb = vsourceemb + fp→v(pdriving − psource). (1)

However, the VoxCeleb dataset [23], which is used for training the framework,
does not contain ground truth head pose, so an additional mapping fv→p is
needed to determine psource = fv→p(vsourceemb ).



X2Face 7

fv→p. fv→p is trained to regress p from v. It is implemented using a fully con-
nected layer with bias and trained using an L1 loss. Training pairs (v, p) are
obtained using an annotated dataset with image to pose labels p; v is obtained
by passing the image through the encoder of the driving network.

fp→v. fp→v is trained to regress v from p. It is implemented using a fully-
connected linear layer with bias followed by batch-norm. When fv→p is known,
this function can be learnt directly on VoxCeleb by passing an image through
X2Face to get the driving vector v and fv→p(v) gives the pose p.

4.2 Audio

Audio data from the videos in the VoxCeleb dataset can be used to drive a
source face in a manner similar to that of pose by driving the source frame with
itself but modifying the driving vector using the audio from another frame. The
forward mapping fa→v from audio features a to the corresponding driving vector
v is trained using pairs of audio features a and driving vectors v. These can be
directly extracted from VoxCeleb (so no backward mapping fv→a is required).
a is obtained by extracting the 256D audio features from the neural network
in [9] and the 128D v by passing the corresponding frame through the driving
network’s encoder. Ordinary least squares linear regression is then used to learn
fa→v after first normalising the audio features to ∼ N(0, 1). No normalisation is
used when employing the mapping to drive the frame generation; this amplifies
the signal, visually improving the generated results.
As learning the function fa→v : R1×256 → R1×128 is under-constrained, the em-
bedding learns to encode some pose information. Therefore, we additionally use
the mappings fp→v and fv→p described in Section 4.1 to remove this informa-
tion. Given driving audio features adriving and the corresponding, non-modified

driving vector vsourceemb , the new driving vector vdrivingemb is then

vdrivingemb = vsourceemb + fa→v(adriving)− fa→v(asource)− fp→v(paudio − psource),

where psource = fv→p(vsourceemb ) is the head pose of the frame input to the driv-
ing network (i.e. the source frame), paudio = fv→p(fa→v(adriving)) is the pose
information contained in fa→v(adriving), and asource is the audio feature vector
corresponding to the source frame.

5 Experiments

This section evaluates X2Face by first performing an ablation study in Section 5.1
on the architecture and losses used for training, followed by results for controlling
a face with a driving frame in Section 5.2, pose information in Section 5.3, and
audio information in Section 5.4.
Training. X2Face is trained on the VoxCeleb video dataset [23] using dlib [18] to
crop the faces to 256× 256. The identities are randomly split into train/val/test
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identities (with a split of 75/15/10) and frames extracted at one fps to give
900,764 frames for training and 125,131 frames for testing.
The model is trained in PyTorch [27] using SGD with momentum 0.9 and batch-
size of 16. First, it is trained just with L1 loss, and a learning rate of 0.001. The
learning rate is decreased by a factor of 10 when the loss plateaus. Once the loss
converges, the identity losses are incorporated and are weighted as follows: (i)
for same identities to be as strong as the photometric L1 loss at each layer; (ii)
for different identities to be 1/10 the size of the photometric loss at each layer.
This training phase is started with a learning rate of 0.0001.
Testing. The model can be tested using either a single or multiple source frames.
The reasoning for this is that if the embedded face is stable (e.g. different facial
regions always map to the same place on the embedded face), we expect to be
able to combine multiple source frames by averaging over the embedded faces.

5.1 Architecture studies

To quantify the utility of using additional views at test time and the benefit of
the curriculum strategy for training the network (i.e. using the identity losses
explained in Section 3.2), we evaluate the results for these different settings on a
left-out test set of VoxCeleb. We consider 120K source and driving pairs where
the driving frame is from the same video as the source frames; thus, the generated
frame should be the same as the driving frame. The results are given in Table 1.

Table 1: L1 reconstruction error on the test set, comparing the generated frame
to the ground truth frame (in this case the driving frame) for different train-
ing/testing setups. Lower is better for L1 error. Additionally, we give the per-
centage improvement over the L1 error for the model trained with only training
stage I and tested with a single source frame. In this case, higher is better
Training strategy # of source frames at test time L1 error % Improvement

Training stage I 1 0.0632 0%
Training stage II 1 0.0630 0.32%
Training stage I 3 0.0524 17.14%
Training stage II 3 0.0521 17.62%

The results in Table 1 confirm that both training with the curriculum strategy
and using additional views at test time improve the reconstructed image. Sec-
tion A.3 in the supplementary material includes qualitative results and shows
that using additional source frames when testing is especially useful if a face is
seen at an extreme pose in the initial source frame.

5.2 Controlling image generation with a driving frame

The motivation of our architecture is to be able to map the expression and pose
of a driving frame onto a source frame without any annotations on expression or
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(a)

(b)

(c)

Fig. 4: Comparison of X2Face’s generated frames to those of CycleGAN given
a driving video sequence. Each example shows from bottom to top: the driving
frame, our generated result and CycleGAN’s generated result. To the left, source
frames for X2Face are shown (at test time CycleGAN does not require source
frames, as it is has been trained to map between the given source and driving
identities). These examples demonstrate multiple benefits of our method. First,
X2Face is capable of preserving the face shape of the source identity (top row)
whilst driving the pose and expression according to the driving frame (bottom
row); CycleGAN correctly keeps pose and expression but loses information about
face shape and geometry when given too few training images as in example
(a) (whereas X2Face requires no training samples for new identities). Second,
X2Face has temporal consistency. CycleGAN samples from the latent space, so
it sometimes samples from different videos resulting in jarring changes between
frames (e.g. in example (c)).
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pose. This section demonstrates that X2Face does indeed achieve this, as a set
of source frames can be controlled with a driving video and generate realistic
results. We compare to two methods: CycleGAN [45] which uses no labels and
[1] which is designed top down and demonstrates impressive results. Additional
qualitative results are given in Fig. 12 in the supplementary material and in the
accompanying video1.

Comparison to CycleGAN [45]. CycleGAN learns a mapping from a given do-
main (in this case a given identity A) to another domain (in this case another
identity B). To compare to their method for a given pair of identities, we take all
images of the given identities (so images may come from different video tracks)
to form two sets of images: one set corresponding to identity A and the other to
B. We then train their model using these sets. To compare, for a given driving
frame of identity A, we visualise their generated frame from identity B which is
compared to that of X2Face.

The results in Fig. 4 illustrate multiple benefits. First, X2Face generalises to
unseen pairs of identities at test time given only a source and driving frame. Cy-
cleGAN is trained on pairs of identities, so if there are too few example images,
it fails to correctly model the shape and geometry of the source face, produc-
ing unrealistic results. Additionally, our results have better temporal coherence
(i.e. consistent background/hair style/etc. across generated frames), as X2Face
transforms a given frame whereas CycleGAN samples from a latent space.

Comparison to Averbuch-Elor et. al. [1]. We compare to [1] in Fig. 5. There are
two significant advantages of our formulation over theirs: first, we can handle
more significant pose changes in the driving video and source frame (Fig. 5b-c).
Second, ours has fewer assumptions: (1)[1] assumes that the first frame of the
driving video is in a frontal pose with a neutral expression and that the source
frame also has a neutral expression (Fig. 5d). (2) X2Face can be used when given
a single driving frame whereas their method requires a video so that the face can
be tracked and the tracking used to expand the number of correspondences and
to obtain high level details.

While this is not the focus of this paper, our method can be augmented with the
ideas from these methods. For example, as inspired by [1], we can perform simple
post-processing to add higher level details (Fig. 5a, X2Face+p.p.) by transferring
hidden regions using Poisson editing [28].

We note that our method results in artefacts in the generated background. A
dynamic background in the driving video does not animate the background in
the generated frames. Lighting changes across a driving video do not result in
colour changes in the generated frames, since we are sampling from the same
embedded face representation of the source identity for each generated frame.

1 http://www.robots.ox.ac.uk/∼vgg/research/unsup learn watch faces/x2face.html
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Fig. 5: Comparison of X2Face to supervised methods. In comparison to [1]:
X2Face matches (b) pitch, and (c) roll and yaw; and X2Face can handle non-
neutral expressions in the source frame (d). As with other methods, post-
processing (X2Face + p.-p.) can be applied to add higher level details (a).

5.3 Controlling the image generation with pose

Before reporting results on controlling the driving vector using pose, we validate
our claim that the driving vector does indeed learn about pose. To do this, we
evaluate how accurately we can predict the three head pose angles – yaw, pitch
and roll – given the 128D driving vector.

Pose predictor. To train the pose predictor which also serves as fv→p (Sec-
tion 4.1), the 25, 993 images in the AFLW dataset [19] are split into train/val
set, leaving out the 1, 000 test images from [22] as test set. The results on the test
set are reported in Table 2 confirming that the driving vector learns about head
pose without having been trained on pose labels, as the results are comparable
to those of a network directly trained for this task.
We then use fv→p to train fp→v (Section 4.1) and present generated frames for
different, unseen test identities using the learnt mappings in Fig. 6. The source
frame corresponds to psource in Section 4.1 while pdriving is used to vary one
head pose angle while keeping the others fixed.

5.4 Controlling the image generation with audio input

This section presents qualitative results for using audio data from videos in the
VoxCeleb dataset to drive the source frames. The VoxCeleb dataset consists of
videos of interviews, suggesting that the audio should be especially correlated
with the movements of the mouth. [9]’s model, trained on the BBC-Oxford ‘Lip
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Fig. 6: Controlling image generation with pose code vectors. Results are shown
for a single source frame which is controlled using each of the three head pose
angles for the same identity (top three rows) and for different identities (bottom
three rows). For further results and a video animation, we refer to Fig. 15 in the
supplementary material and to the accompanying video. Whilst some artefacts
are visible, the method allows the head pose angles to be controlled separately.

Table 2: MAE in degrees using the driving vector for head pose regression (lower
is better). Note that the linear pose predictor from the driving vector performs
only slightly worse than a supervised method [22], which has been trained for
this task. Surprisingly, the yaw angle error reported in [22] is lower than their
MAE.

Method Roll Pitch Yaw MAE

X2Face 5.85 7.59 14.62 9.36
KEPLER [22] (supervised) 8.75 5.85 6.45 7.02

Reading in the Wild’ dataset (LRW), is used to extract audio features. We use
the 256D vector activations of the last fully connected layer of the audio stream
(FC7) for a 0.2s audio signal centred on the driving frame (the frame occurs half
way through the 0.2s audio signal).
A potential source of error is the domain gap between the LRW dataset and
VoxCeleb, as [9]’s model is not fine-tuned on the VoxCeleb dataset which contains
much more background noise than the LRW dataset. Thus, their model has not
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Fig. 7: Controlling image generation with audio information. We show how the
same sounds affect various source frames; if our model is working well then the
generated mouths should behave similarly. (a) shows the source frames. (b) shows
the generated frames for a given audio sound which is visualised in (d) by the
coloured portion of the word being spoken. As most of the change is expected to
be in the mouth region, the cropped mouth regions are additionally visualised
in (c). The audio comes from a native British speaker. As can be seen, in all
generated frames, the mouths are more closed at the “ve” and “I” and more open
at the “E” and “U”. Another interesting point is that for the “Effects” frame, the
audio is actually coming from an interviewer, so while the frame corresponding
to the audio has a closed mouth, the generated results still open the mouth.

necessarily learnt to become indifferent to this noise. However, our model is
relatively robust to this problem; we observe that the mouth movements in the
generated frames are reasonably close to what we would expect from the sounds
of the corresponding audio, as demonstrated in Fig. 7. This is true even if the
person in the video is not speaking and instead the audio is coming from an
interviewer. However, there is some jitter in the generation.

6 Using the embedded face for video editing

We consider how the embedded face can be used for video editing. This idea is
inspired by the concept of an unwrapped mosaic [31]. We expect the embedded
face to be pose and expression invariant, as can be seen qualitatively across the
example embedded faces shown in the paper. Therefore, the embedded face can
be considered as a UV texture map of the face and drawn on directly.
This task is executed as follows. A source frame (or set of source frames) is
extracted and input to the embedding network to obtain the embedded face. The
embedded face can then be drawn on using an image or other interactive tool. A
video is reconstructed using the modified embedded face which is driven by a set
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of driving frames. Because the embedded face is stable across different identities,
a given edit can be applied across different identities. Example edits are shown
in Fig. 8 and in Fig. 13 in the supplementary material.

(a) Source frames are input to extract the embedded face which is drawn on. The
modified embedded face is used to generate the frames below.

(b) An example sequence of generated frames (top row) from the modified embedded
face controlled using a sequence of driving frames (bottom row).

Fig. 8: Example results of the video editing application. (a) For given source
frames, the embedded face is extracted and modified. (b) The modified embedded
face is used for a sequence of driving frames (bottom) and the result is shown
(top). Note how for the second example, the blue tattoo disappears behind the
nose when the person is seen in profile and how, as above, the modified embedded
face can be driven using the same or another identity’s pose and expression. Best
seen in colour. Zoom in for details. Additional examples using the blue tattoo
and Harry Potter scar are given in the accompanying video and in Fig. 13 in the
supplementary material.
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7 Conclusion

We have presented a self-supervised framework X2Face for driving face gen-
eration using another face. This framework makes no assumptions about the
pose, expression, or identity of the input images, so it is more robust to un-
constrained settings (e.g. an unseen identity). The framework can also be used
with minimal alteration post training to drive a face using audio or head pose
information. Finally, the trained model can be used as a video editing tool. Our
model has achieved all this without requiring annotations for head pose/facial
landmarks/depth data. Instead, it is trained self-supervised on a large collection
of videos and learns itself to model the different factors of variation.
While our method is robust, versatile, and allows for generation to be conditioned
on other modalities, the generation quality is not as high as approaches specif-
ically designed for transforming faces (e.g. [1,17,40]). This opens an interesting
avenue of research: how can the approach be modified such that the versatility,
robustness, and self-supervision aspects are retained but with the generation
quality of these methods that are specifically designed for faces. Finally, as no
assumptions have been made that the videos are of faces, it is interesting to
consider applying our approach to other domains.
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Supplementary Material

We provide additional details about X2Face’s architecture and the training and
testing setup in Section A, and more qualitative results in Section B.

A Additional details on architectures and training.

Section A.3 provides qualitative results on using additional views at test time
and the curriculum strategy. Section A.1 and Section A.2 give additional de-
tails about X2Face’s two subnetworks: the embedding network and the driving
network.

A.1 Embedding network

The embedding network is based on the pix2pix [15] version of the U-Net ar-
chitecture [32], except that the last layer is changed to a 2-channel layer. The
resulting 2× 256× 256 gives the sampler which determines how to sample from
the source frame to obtain the embedded face. The exact architecture is given
in Fig. 9.
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Fig. 9: Embedding Network: In the encoder, each convolution is followed by a
leaky ReLU with factor 0.2 and then a batch-norm layer (except for the first
which has no batch-norm). The convolutional filter sizes are 4 × 4 and the
stride/padding is 2/1. In this decoder, the layers from the encoder are con-
catenated using skip connections, doubling the channel size. In the decoder, the
sequence of executions following each convolutional layer is: ReLU, bilinear up-
sampling, batch-norm, concatenation (with the corresponding encoder layer).
The last layer (yellow) does not have a concatenation. The final 2 × 256 × 256
result is passed through a tanh layer to give X2Face’s prediction for how to
sample from the source frames. The convolutional filter sizes in the decoder are
3× 3 and the stride/padding is 1/1.

A.2 Driving network

The driving network is an encoder-decoder network that uses the same layer
sizes as the embedding network but does not have any skip connections. The
driving vector corresponds to the vector resulting from the encoder portion of
the network, which is a 128D vector. The architecture is shown in Fig. 10.
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Fig. 10: Driving Network: The encoder is similar to the encoder of the embedding
network; each convolution is followed by a leaky ReLU (factor 0.2) and then a
batch-norm layer (except for the first which has no batch-norm); the convolu-
tional filter sizes are 4× 4 and the stride/padding is 2/1. In this decoder, there
are no skip connections. The driving vector has channel size 128. In the decoder,
the sequence of executions following each convolutional layer is: ReLU, bilinear
upsampling, batch-norm. The final 2×256×256 result is passed through a tanh
layer to give X2Face’s prediction for how to sample from the embedded face. The
convolutional filter sizes in the decoder are 3× 3 and the stride/padding is 1/1.

A.3 Qualitative results for different training/testing setups

We consider the following 4 different training/testing settings:

1. Training stage I, Single source (S): Training with photometric L1 loss
only and testing with a single source frame.

2. Training stage I, Multi-source (M): Training with photometric L1 loss
only and testing with multiple source frames.

3. Training stage II, S: Training with photometric L1 loss and identity losses
as described in Section 3.2 in the paper and testing with a single source frame.

4. Training stage II, M: Training with photometric L1 loss and identity
losses as described in Section 3.2 in the paper and testing with multiple
source frames.

As can be seen in Fig. 11, testing with multiple source frames makes our method
more robust, as the generated frame is not so unstable with respect to the choice
of the source frame. This improves the quality and sharpness of the generated
frames.
Although the results get better quantitatively when adding the identity loss func-
tions (as discussed in the paper), we observe that our method produces visually
very similar and convincing results when trained with the photometric L1 loss
only. The use of the identity content losses is the only point where we make use
of some form of labelled supervision, as we use a pre-trained network that was
trained for identity classification. Using only the photometric loss results in a
completely self-supervised framework.

B Additional qualitative results

We present more qualitative results comparing X2Face to CycleGAN [45] in
Fig. 12 and show additional results for controlling the head pose of a source
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(a) Single source frame (b) Embedded face from a single source frame

(c) Multiple source frames (d) Embedded face from multiple source frames

(e) Frame sequences generated for the same driving frames with different loss func-
tion/architecture choices.

Fig. 11: A comparison of different training/testing settings. (a) The source frame
used when testing using a single source frame. (b) The embedded face for this
single source frame. (c) The source frames used when testing with multiple source
frames. (d) The embedded face from these multiple source frames. (e) Generated
frames for different training stages and testing strategies. As the driving frame
is from the same video, the driving frame corresponds to the ground truth and is
shown in the bottom row. When using a single source frame for testing, the model
is sensitive to the quality/pose of the source frame (see rows for Training stage
I, Single source (S) and Training stage II, S). Using additional source frames
and averaging over the resulting embedded face produces a better embedded face
representation and higher quality results (see rows for Training stage I, Multi-
source (M) and Training stage II, M).
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frame using a pose vector in Fig. 15. Finally, additional qualitative results for
using X2Face for video editing are given in Fig. 13 and Fig. 14.
For further demonstrations of X2Face in action, we refer to the accompanying
video which can be found at http://www.robots.ox.ac.uk/∼vgg/research/unsup
learn watch faces/x2face.html.

(a) source frames

(b)

(c) source frames

(d)

Fig. 12: More qualitative results comparing X2Face to CycleGAN. Note how
X2Face preserves the hair/background setting from the source frames, resulting
in temporal coherence across the generated frames.
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(b)

(d)

Fig. 13: Additional results of the video editing application using the Harry Potter
scar. (a) For the given source frames, the embedded face is extracted and modified.
(b) The modified embedded face is controlled using a sequence of driving frames
(bottom) and the result is shown (top). Best viewed in colour. Zoom in for
details.
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(b)

(d)

Fig. 14: Additional results of the video editing application using the Harry Potter
scar. (a) For the given source frames, the embedded face is extracted and modified.
(b) The modified embedded face is controlled using a sequence of driving frames
(bottom) and the result is shown (top). Best viewed in colour. Zoom in for
details.



24 O. Wiles, A. S. Koepke, and A. Zisserman

Fig. 15: Controlling the three head pose angles. This example can also be found
in the accompanying video.





Chapter 4

Self-supervised learning of a facial
attribute embedding from video

This work was accepted for oral presentation at the 29th British Machine Vision Con-

ference (BMVC), 2018.

In this paper we introduce FAb-Net, a framework that embeds a face image to an

embedding space that captures useful information, such as head pose, facial land-

marks, and facial expression. This is learnt through the self-supervised proxy task of

transforming one face image into another face image from the same video face track.

49
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Abstract
We propose a self-supervised framework for learning facial attributes by simply watch-

ing videos of a human face speaking, laughing, and moving over time. To perform this
task, we introduce a network, Facial Attributes-Net (FAb-Net), that is trained to embed
multiple frames from the same video face-track into a common low-dimensional space.
With this approach, we make three contributions: first, we show that the network can
leverage information from multiple source frames by predicting confidence/attention
masks for each frame; second, we demonstrate that using a curriculum learning regime
improves the learned embedding; finally, we demonstrate that the network learns a mean-
ingful face embedding that encodes information about head pose, facial landmarks and
facial expression – i.e. facial attributes – without having been supervised with any la-
belled data. We are comparable or superior to state-of-the-art self-supervised methods
on these tasks and approach the performance of supervised methods.

1 Introduction
Babies and children are highly perceptive to the facial expressions of the people they interact
with [14, 18]. The ability to understand and respond to changes in people’s emotional state is
similarly important for computer vision systems and affective systems when interacting with
a human user. Thus being able to predict head pose and expression is of vital importance.

Recently, leveraging deep learning has led to state-of-the-art results on a variety of tasks
such as emotion recognition and facial landmarks detection. Despite these advances, super-
vised methods require large amounts of labelled data which may be expensive or difficult to
obtain in realistic, unconstrained settings, or necessitate assigning data to ill-defined cate-
gories. For example, categorising emotions with three human annotators leads to only 46%
agreement [2], and labelling pose in the wild is notoriously difficult. Moreover, performing
each task independently does not leverage the fact that detecting landmarks requires under-
standing pose and facial features, which in turn correspond to expression.

Consequently, we consider the following question: is it possible to learn an embedding
of facial attributes that encodes landmarks, pose, emotion, etc. in a self-supervised man-
ner without any hand labelling? The learned embedding can then be used for another task

c© 2018. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.

* Equal contribution.
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Figure 1: An overview of FAb-Net. In the single-source case (top), the encoder-decoder
architecture takes one source frame and a target frame as inputs and learns to generate the
target frame. The 256-dimensional outputs of the encoders – the source and target attribute
embeddings – are concatenated and input to the decoder. The decoder predicts the point-
to-point correspondence from the source frame to the target frame, and RGB values for the
generated frame are then obtained from the source frame using a bilinear sampler. The
network is trained with an L1 loss between the generated frame and the target frame. In the
multi-source case (bottom), the decoder also predicts a confidence map, and the confidence
maps are used to weight the contributions of the different source frames.

(e.g. landmark, pose, and expression prediction) using a linear layer. To do this, we con-
tribute FAb-Net, a self-supervised framework for learning a low-dimensional face embed-
ding for facial attributes (Section 3). We take advantage of video data which contains a large
collection of images of the same person from different viewpoints and with varied expres-
sions. Given only the embeddings corresponding to a source and target frame, the network
is tasked to map the source frame to the target frame by predicting a flow field between
them. This proxy task forces the network to distil the information required to compute the
flow field (e.g. the head pose and expression) into the source and target embeddings. After
explaining the setup for a single source frame in Section 3.1, we introduce our additional
contributions: a method for leveraging multiple frames in order to improve the learned em-
bedding in Section 3.2; and how a curriculum strategy for training FAb-Net in Section 4 can
be used to improve performance.

The learned embedding is extracted and used for a variety of tasks such as landmark
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detection, pose regression, and expression classification in Section 5 by simply learning a
linear layer. Our results on these tasks are comparable or superior to other self-supervised
methods, approaching the performance of supervised methods. These experiments verify the
hypothesis that our self-supervised framework learns to encode facial attributes which are
useful for a variety of tasks. Finally, the method is tested qualitatively by using the learned
embedding to retrieve images with similar facial attributes across different identities.

2 Related Work

Self-supervised learning. Self-supervised methods such as [12, 38, 43, 62] require no man-
ual labelling of the images; instead, they directly use image data to provide proxy supervision
for learning good feature representations. The benefit of these approaches is that the features
learned using large quantities of available data can be transferred to other tasks/domains
which have less or even no annotated data. To provide further supervision from image data,
the images themselves can be transformed via a synthetic warp or rotation and the network
trained to recognise the rotation [19] or to learn equivariant pixel embeddings [40, 51, 52].

Of more direct relevance to our training framework are self-supervised frameworks that
use video data ([1, 8, 11, 16, 17, 21, 22, 30, 34, 44, 55, 56, 58, 61]). Our approach builds in
particular on those that use frame synthesis [8, 11, 22, 44, 56, 58], though for us synthesis is
a proxy task rather than the end goal. Note, unlike [16, 30, 34, 55], we do not make use of
the temporal ordering information inherent in a video; nor do we predict future frames con-
ditioned on a number of past frames [44], or explicitly predict the motion between frames
as a convolutional kernel [22, 58], or condition the generation on another modality (e.g.
voice [8]). Instead, we treat the frames as an unordered set, and propose a simple formula-
tion: that by embedding the source and target frames in a common space and conditioning
the transformation from source to target frame on these embeddings, the learned embeddings
must learn to encode the relevant modes of variation necessary for the transformation.

Concurrent to our work, Zhang et al. [64] and Jakab et al. [21] build on [51] by using the
discovered landmarks to reconstruct the original image. However, unlike these works, we do
not place any constraints on the learned representation – such as an explicit representation
that encodes landmarks as heatmaps.

Supervised learning of face embeddings. Given known (labelled) attribute information,
e.g. for pose or expression, the embedding can be learned by training in a supervised manner
to directly predict the attribute [28, 32, 46], or to generate images (of faces, cars, or other
classes) at a new, known pose, expression, etc. [13, 25, 53, 59, 68]. Another way of su-
pervising a face embedding is to explicitly learn the parameters of a 3D morphable model
(3DMM) [7]. As fitting a 3DMM is relatively expensive, [3, 50] learn this end-to-end using
either landmarks or a photometric error as supervision. However, unlike our method, these
methods require either ground truth labels or a morphable model which fixes the modes of
variation and the embedding.

An interesting half-way point is weak supervision, where the learned object or face em-
bedding is conditioned for instance on object labels [39] or weather/geo-location informa-
tion [31] respectively. This requires additional meta-data, but results in embeddings that can
represent attributes such as age and expression for faces or keypoints for objects.
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3 Method

The aim is to train a network to learn an embedding that encodes facial attributes in a self-
supervised manner, without any labels. To do this, the network is trained to generate a target
frame from one or multiple source frames by learning how to transform the source into the
target frame. The source and target frames are taken from the same face-track of a person
speaking, i.e. the frames are of the same identity but with different expressions/poses. An
overview of the architecture is given in Fig. 1 and further described for a single source frame
in Section 3.1 and for multiple source frames in Section 3.2 (additional details are given in
the supplementary material).

3.1 Single-source frame architecture

The input to the network is a source frame s and a target frame t from the same face-track.
These are passed through encoders with shared weights which learn a mapping f from the
input frames to a 256-dimensional vector embedding (as shown in Fig. 1). The embeddings
corresponding to the target and source frames are vt = f (t) and vs = f (s) respectively. The
source and target embeddings are concatenated to give a 512-dimensional vector which is
upsampled via a decoder. The decoder learns a mapping g from the concatenated embeddings
to a bilinear grid sampler, which samples from the source frame to create a new, generated
frame s′ = g(vt ,vs)(s). Precisely, g predicts offsets (δx,δy) for each pixel location (x,y) in
the target frame; the generated frame s′ at location (x,y) is obtained by sampling from the
source frame s according to these offsets : s′(x,y) = s(x+δx,y+δy). The network is trained
to minimise the L1 loss between the generated and the target frame: L(s′, t) = ||t− s′||1.

This setup enforces that the embeddings vs and vt represent facial attributes of the source
and target frames respectively since the decoder maps from the source frame s to generate
the frame s′ (i.e. it uses pixel RGB values from the source frame s to create the generated
s′ – a similar formulation has been proposed concurrently to this work by [54]). As the
decoder is a function of the target and source attribute embeddings, and the decoder is the
only place in the network where information is shared, the target attribute embedding must
encode information about expression and pose in order for the decoder to know where to
sample from in the source frame and where to place this information in the generated frame.

3.2 Multi-source frames architecture

While using two frames for training enforces that the network learns a high-quality embed-
ding, additional source frames can be leveraged to improve the learned embedding. This
is achieved by also predicting a confidence heatmap – a 1 channel image – for each source
frame via an additional decoder. The heatmaps denote how confident the network is of the
flow at each pixel location – e.g. if the source frame has a very different pose than the target
frame, the confidence heatmap would have low certainty. Moreover, it can express this for
sub-parts of the image; if the mouth is closed in the source but open in the target frame,
the confidence heatmap can express uncertainty in this region. The confidence heatmaps Ci
are combined pixel-wise for each source frame si using a soft-max operation. For n source

frames, the loss function to be minimised is given as L= ||t− ∑n
i=1 eCi∗(g(vt ,vsi )(si))

∑n
i=1 eCi

||1.
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4 Curriculum Strategy

The training of the network is divided into stages, so that knowledge can be built up over
time as the examples given become progressively more difficult, as inspired by [5, 27]. The
loss computed by a forward pass is used to rank samples (i.e. source and target frame pairs)
in the batch according to their difficulty in a manner similar to [33, 37, 48, 49]. However,
these methods use only the most difficult samples, which was found to stop our network
from learning. Similarly to [37], using progressively more difficult samples proved crucial
for the strategy’s success.

Given a batch size of N randomly chosen samples, i.e. source and target frame pairs, a
forward pass is executed and the loss for each sample computed. The samples are ranked
and sorted according to this loss. Initially the loss is back-propagated only on the samples in
the batch which are within the 1st to 50th percentile (i.e. the 0.5N samples with the lowest
loss computed by the forward pass). These are assumed to be easier samples. When the loss
on the validation set plateaus, the subset to be back-propagated on is shifted by 10 (e.g. the
samples in the 10th-60th percentile range). This is repeated 4 times until the samples being
back-propagated on fall into the 40th-90th percentile range. At this point the curriculum
strategy is terminated, as it is assumed that the samples in the 90-100th range are too chal-
lenging or may be problematic (e.g. there is a large shift in the background which is too
challenging to learn).

5 Experiments

In this section, we evaluate the network and the learned embedding. In Section 5.1, the
performance of using FAb-Net’s learned representation is compared to that of state-of-the-
art self-supervised and supervised methods on a variety of tasks: facial landmark prediction,
head pose regression and expression classification. Section 5.2 discusses the benefit of using
additional source frames, and Section 5.3 shows how the learned representation can be used
for retrieving images with similar facial attributes.
Training. The model is trained on the VoxCeleb1 and VoxCeleb2 video datasets [9, 36]; we
refer to the combined datasets as VoxCeleb+. The VoxCeleb+ dataset consists of videos of
interviews containing more than 1 million utterances of around 7,000 speakers. The frames
are extracted at 1 fps. The frames are cropped, resized to 256× 256, and the identities are
randomly split into train/val/test (with a split of 75/15/10).

The models are trained in PyTorch [42] using SGD, an initial learning rate of 0.001, and
momentum 0.9. When using the curriculum strategy described in Section 4, the batchsize
is N = 32, else N = 8. The learning rate is divided by a factor of 10 when the loss on the
validation set plateaus. (If the curriculum strategy is used, the learning rate is updated only
when the 40-90th percentile is considered.) This is repeated until the loss converges. Further
details about the training can be found in the supplementary material.

5.1 Using the embedding for regression and classification

First, we investigate the representation learned in our embedding and evaluate whether it
indeed encodes facial attributes by challenging it to predict three different attributes: land-
marks, pose, and expression.
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Setup. Given a network trained on VoxCeleb+, a linear regressor or classifier is trained
from the learned embedding to the output task. The linear regressor/classifier consists of
two layers: batch-norm [20] followed by a linear fully connected layer with no bias. The
regression tasks are trained using a MSE loss. The classification tasks are trained with a
cross-entropy loss. The parameters of the encoder are fixed while the two additional layers
are trained on the training set of the target dataset using Adam [23], a learning rate of 0.001,
β1 = 0.9 and β2 = 0.999.

5.1.1 Baselines

Self-supervised. There are prior publications on using self-supervision for landmark pre-
diction on the datasets we evaluate on, but none for predicting emotion on standard datasets.
Consequently, we implement an autoencoder and a set of state-of-the-art self-supervised
methods [19, 63] for object detection and segmentation. The baselines are trained using the
same architecture as FAb-Net but with their associated loss functions and training objectives.
For [63], the regression loss for both the L and ab channels is used. These models are trained
on VoxCeleb+ until convergence, with the same training parameters and data augmentation
as FAb-Net. More details are given in the supplementary material.
VGG-Face descriptor. We additionally compare to the VGG-Face descriptor which is ob-
tained from the 4096-dimensional FC7 features from a VGG-16 network trained on the
VGG-Face dataset [41]. It has recently been shown that a network trained for identity does,
contrary to popular belief, retain information about other facial attributes [10, 15]. We use
the VGG-Face descriptor to learn a linear regression/classification layer to the desired at-
tribute task. This provides a strong baseline, and the results obtained confirm the finding
that a network trained for identity does indeed encode expression and to some extent also
pose information. However, note that unlike our method, this face descriptor requires a large
dataset of labelled face images for training.

5.1.2 Results

Facial landmarks. Facial landmark locations are regressed from the learned embedding and
compared to state-of-the-art methods on MAFL [66] and the more challenging 300-W [47]
datasets. The evaluation is performed as outlined in [51, 66], and the errors given in inter-
ocular distance. For MAFL, 5 facial landmarks are regressed for 19k/1k train/test images.
For 300-W, 68 landmarks are regressed for 3148/689 train/test images which are obtained
(as described in [51]) from combining multiple datasets [4, 67, 70].

The results are reported in Table 1 and some qualitative results are visualised in Fig. 2
and Fig. 3. These results first demonstrate that fine-tuning with additional views and our
curriculum strategy improve the embedding learned by FAb-Net. Second, these results show
that our method performs competitively or better than state-of-the-art unsupervised landmark
detection methods, better than the VGG-Face descriptor baseline and competitively with
state-of-the-art supervised methods. This is achieved even though the other self-supervised
methods [21, 51, 52, 64] are explicitly engineered to detect landmarks whereas our method
is not. In addition to that, our method is able to bridge the domain gap between VoxCeleb+
and CelebA [32] – the other self-supervised methods that we compare to are pre-trained on
CelebA.
Pose. The learned embedding is used for pose prediction and compared to a supervised
method [26] and to using the VGG-Face descriptor. To perform the evaluation, the linear
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Method 300-W MAFL
Self-supervised
Trained on VoxCeleb+
FAb-Net 6.31 3.78
FAb-Net w/ curric. 5.73 3.49
FAb-Net w/ curric., 3 source frames 5.71 3.44
Trained on CelebA
Jakab et al. [21] (2018) – 3.08
Zhang et al. [64] (2018) – 3.15
Thewlis et al. [51] (2017) 9.30 6.67
Thewlis et al. [52] (2017) 7.97 5.83
Supervised
Trained on CelebA
MTCNN [65] (2014) – 5.39
LBF [45] (2014) 6.32 –
CFSS [69] (2015) 5.76 –
cGPRT [29] (2015) 5.71 –
DDN [60] (2016) 5.65 –
TCDCN [66] (2016) 5.54 –
RAR [57] (2016) 4.94 –
VGG-Face descriptor [41] 11.16 5.92

Table 1: Landmark prediction error on 300-W
and MAFL datasets. Lower is better.

Method Roll Pitch Yaw MAE
Self-supervised
FAb-Net 5.54◦ 7.84◦ 12.93◦ 8.77◦
FAb-Net w/ cur-
ric.

5.33◦ 7.21◦ 11.34◦ 7.96◦

FAb-Net w/ cur-
ric., 3 source
frames

5.14◦ 7.13◦ 10.70◦ 7.65◦

Supervised
VGG-Face de-
scriptor [41]

8.24◦ 8.36◦ 18.35◦ 11.65◦

KEPLER [26]
(2017)

8.75◦ 5.85◦ 6.45◦ 7.02◦

Table 2: Pose prediction error on the
AFLW test set from [26]. Lower is bet-
ter.

Figure 2: Landmark prediction visualisation for FAb-Net on the MAFL dataset. A dot de-
notes ground truth and the cross FAb-Net’s prediction. A failure case is shown to the right.

(a) Ground truth landmarks

(b) FAb-Net’s predicted landmarks

Figure 3: Landmark prediction visualisation for FAb-Net on the 300-W dataset.

regression is trained from the given embedding to head pose labels using the AFLW dataset
[24], but after leaving out the 1,000 images of the AFLW test set from [26]. As can be seen
in Table 2, FAb-Net performs better in predicting the roll angle, and the MAE is comparable
to [26] which is supervised with head pose labels. Furthermore, our embedding outperforms
the VGG-Face descriptor which is trained on identities; i.e. our learned embedding encodes
more information about head pose.
Expression. We evaluate the performance of our learned embedding for expression estima-
tion on two datasets: AffectNet [35] and EmotioNet [6], which both contain over 900,000
images. These datasets are taken ‘in-the-wild’ as opposed to in a constrained environment.
AffectNet contains 8 facial expressions (neutral, happy, sad, surprise, fear, disgust, anger,
contempt) and EmotioNet contains 11 action units (AUs) (combinations of AUs correspond
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AUC for different AUs
1 2 4 5 6 9 12 17 20 25 26 avg.

Self-supervised
FAb-Net 72.0 68.9 73.2 69.4 88.2 78.6 89.5 71.0 75.9 81.4 72.0 76.4
FAb-Net w/ curricu-
lum

73.4 71.8 75.3 67.8 90.4 78.8 91.9 72.4 74.5 83.7 73.3 77.6

FAb-Net w/ cur-
riculum, 3 source
frames

74.1 72.3 75.8 68.8 90.7 81.8 92.5 73.7 77.2 83.6 73.6 78.6

Gidaris et al. [19] 68.6 64.0 72.8 70.0 83.9 78.1 83.8 68.4 72.6 73.1 67.2 72.9
SplitBrain [63] 65.5 59.8 66.7 60.8 71.8 65.8 73.3 64.5 57.4 68.1 61.1 65.0
Autoencoder 67.2 60.5 70.1 65.1 79.6 70.4 80.1 68.3 66.5 70.5 64.1 69.3
Supervised
VGG-Face descrip-
tor [41]

81.8 83.0 83.5 81.8 92.0 90.9 95.7 80.6 85.2 86.5 73.0 84.9

VGG-11 (from
scratch)

74.7 77.2 85.8 83.7 93.8 89.7 97.5 78.3 86.9 96.4 81.5 86.0

Table 3: Expression classification results for state-of-the-art self-supervised and supervised
methods on EmotioNet [6] for multiple facial action units (AUs). Higher is better for AUC.

AUC
Neutral Happy Sad Surprise Fear Disgust Anger Contempt avg.

Self-supervised
FAb-Net 70.0 87.6 68.8 75.5 76.5 70.0 73.2 71.2 74.2
FAb-Net w/ curric. 71.5 90.0 70.8 78.2 77.4 72.2 75.7 72.1 76.0
FAb-Net w/ curric., 3
source frames

72.3 90.4 70.9 78.6 77.8 72.5 76.4 72.2 76.4

Gidaris et al. [19] 67.8 84.9 69.0 73.9 75.7 69.8 71.5 68.7 72.7
SplitBrain [63] 63.9 74.7 64.2 61.3 68.3 58.6 68.2 62.8 65.3
Autoencoder 65.8 80.0 64.7 66.1 70.6 63.4 68.3 65.0 68.0
Supervised
VGG-Face descriptor [41] 75.9 92.2 80.5 81.4 82.3 81.4 81.2 77.1 81.5
AlexNet [35] – – – – – – – – 82

Table 4: Expression classification results for state-of-the-art self-supervised and supervised
methods on AffectNet [35]. Higher is better for AUC.

to facial expressions).
Both of these datasets were organised for challenges with a held out, unreleased test

set. Therefore, the train set is subdivided into two subsets; one is used for training and the
other for validation. The validation set of the original dataset is used to test the different
models. The linear classifier for EmotioNet is trained with a binary cross-entropy loss for
each AU, whereas for AffectNet, a cross-entropy loss is used. Both training datasets are
highly imbalanced. As a result, the examples from the under-represented classes are re-
weighted inversely proportionally to the class frequencies to penalise the loss more heavily
for mis-classifying images of the under-represented classes.

The embedding learned by FAb-Net is compared to a number of self-supervised and
supervised methods by measuring the Area Under the ROC curve (AUC). For each class
(e.g. emotion or AU), the AUC is computed independently and the result is averaged over
all classes. The results are reported in Table 3 and Table 4 for EmotioNet and AffectNet
respectively showing that our network performs better than other self-supervised methods
over both metrics when given the same training data. This is supposedly due to the fact that
the network must learn to transform the source frame in order to generate the target frame.
As parts of the face move together (e.g. an eyebrow raise or the lips when the mouth opens),
the embedding must learn to encode information about facial features and thereby encode
expression. Interestingly, the autoencoder performs well, presumably due to the restricted
nature of this domain.
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Figure 4: Confidence heatmaps learned by FAb-Net. Higher intensity corresponds to higher
confidence. The network chooses the frames with most similar poses to draw from and
ignores those with less similar poses (see Example (a)). In Example (b), the mouth has
higher confidence in the third source frame allowing the network to re-construct the teeth
that are present in the target frame. More examples can be found in the supplementary
material.

FAb-Net is also not far off supervised methods despite the domain shift; VoxCeleb+ con-
sists only of people being interviewed (and consequently with mostly neutral/smiling faces),
so it does not include the range/extremity of expressions found in AffectNet or EmotioNet.
Finally, it can be observed that the VGG-Face descriptor trained to predict identities does
surprisingly well at predicting emotion.
Discussion. FAb-Net has achieved impressive performance, as most self-supervised methods
when transferred to another task have a large gap in comparison to supervised methods.
There is no gap or a small gap for the smaller datasets (landmarks/pose) and the model
approaches supervised performance for the larger datasets (expression).

5.2 What is the benefit of additional source frames?
The previous sections have shown that using additional source frames improves performance.
This is at the expense of performing additional forward passes through the encoder (in this
case two). Given enough GPU memory, these forward passes can be done in parallel, affect-
ing only the memory requirements and not the computational speed.

Using multiple source frames is further investigated by visualising confidence heatmaps
for a given set of source frames in Fig. 4. The confidence heatmaps allow images with more
similar pose to be used for creating the generated frame. Furthermore, the network can focus
on one frame for generating a part of the face (e.g. the mouth) and on another one for a
different part.

5.3 Image retrieval
This section considers an application of the learned embedding: retrieving images with sim-
ilar facial attributes (e.g. pose) but across different identities. To perform this task, a subset
of 10,000 randomly sampled test images from VoxCeleb+ is obtained. For a given query
image, all other images (the gallery) are ranked based on their similarity to the query image
using the cosine similarity metric between the corresponding embeddings. For a given query
image Q, the embedding xq is extracted by performing a forward pass through the network.
Similarly, the embedding xi is extracted for each image Ii in the gallery. Each image Ii is
then ranked according to the cosine similarity between xq and xi. If the network does indeed
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(a)

(b)

(c)

Query Images Nearest Neighbours. Arranged left to right.

(d)

(e)

(f)

Query Images Nearest Neighbours. Arranged left to right.

Figure 5: Retrieval results using the embedding learned by FAb-Net. The embedding cap-
tures similar visual attributes since gallery images with similar facial attributes are retrieved
for a given query image. The retrieved images have similar pose to the query in all cases,
and the expression similarity can be seen for example in (b) with the eyes shut, and (a) with
the mouth slightly open. Please refer to the supplementary material for additional examples.

encode salient information about facial attributes, the cosine similarity can be used to iden-
tify images with similar poses and facial attributes. For a set of query images, the results are
visualised in Fig. 5. From these results it is again affirmed that our embedding encodes in-
formation about facial attributes, as the retrieved images have poses and expressions similar
to those of the query images. Note, the embedding is largely unaffected by facial decorations
(e.g. glasses) and identity, as these do not change within a face-track and so do not need to
be learned in order to predict the transformation.

6 Conclusion

We have introduced FAb-Net: a self-supervised framework for learning facial attributes from
videos. Our method learns about pose and expression by watching faces move and change
over a large number of videos without any hand labels. The features of our trained network
can then be used to predict pose, landmarks, and expression on other datasets (despite the
domain shift) by just training a linear layer on top of the learned embedding. The features
have been shown to be comparable or superior performance to self-supervised and supervised
methods on a variety of tasks. This is impressive as generally the performance of self-
supervised methods has been found to be worse than that of supervised methods, yet our
method is indeed competitive/superior to supervised methods for pose regression and facial
landmark detection, and approaches supervised performance on expression classification.
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We provide additional details about FAb-Net’s architecture and training in Section 1,
the self-supervised baselines in Section 2, pre-processing of the datasets in Section 3 and
additional qualitative results in Section 4.

1 Additional details on architectures and training
Section 1.1 and Section 1.2 give additional details about the encoder-decoder architecture
used and about the training respectively.

1.1 Architecture
The architecture of the encoders and decoders is based on pix2pix [12] but without skip-
connections (see Fig. 1). It consists of encoders (with shared weights) and corresponding
symmetrical decoders (also with shared weights). The face embedding vectors which are
the outputs of the encoder have channel size 256. At the centre of the network, the source
embedding vectors are concatenated pairwise with the target embedding vector. This 512-
channel vector serves as input to the decoders.

The sampler decoders predict a 2× 256× 256 output which determines how to sample
from the source frame. When using multiple source frames, the network is augmented with
confidence map decoders whose architecture is identical to the sampler decoders, except that
the last layer outputs a 1-channel image. The confidence decoders also have shared weights
for the different source frames.

1.2 Training and data augmentation
The images are first scaled to size 256×256. Because VoxCeleb1/VoxCeleb2 have different
crops, VoxCeleb2 is re-cropped by padding the images by [20,80,20,30] pixels to the left,
top, right, and bottom respectively and then taking a centre crop of size 190× 190. Given
the re-cropped VoxCeleb2 images and the VoxCeleb1 images, the images are augmented by

c© 2018. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
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Figure 1: Encoder-decoder: In the encoder, each convolution is followed by a leaky ReLU
(factor 0.2) and a batch-norm layer (except for the first which has no batch-norm); the con-
volutional filter sizes are 4× 4 and the stride/padding is 2/1. The face embedding vec-
tor has channel size 256. In the decoder, the face embedding vectors corresponding to the
source/target frame (vs,vt ) are concatenated giving a 512-dimensional embedding vector. In
all decoder layers, the sequence of executions is: ReLU, bilinear upsampling, batch-norm.
The convolutional filter sizes in the sampler decoder and the confidence decoder are 3× 3,
the stride/padding is 1/1. The final 2×256×256 result (or 1×256×256 for the confidence
decoders) is passed through a tanh layer to give FAb-Net’s prediction for how to sample from
the source frame.

taking random square crops with width in the range [170,190] for VoxCeleb2 and [180,200]
for VoxCeleb1.

The models are trained using SGD with learning rate 0.001, momentum 0.9 and batch
size N = 8 (unless the curriculum strategy for FAb-Net is used in which case N = 32).
The learning rate is divided by a factor of 10 when the loss plateaus (unless the curriculum
strategy for FAb-Net is used, in which case this occurs only after the curriculum strategy
terminates).

2 Self-supervised baselines
FAb-Net is compared to an autoencoder and to two state-of-the-art self-supervised meth-
ods [3, 10]. FAb-Net’s architecture but the appropriate loss functions and setups are used.
More detail is given below. The baselines are trained with the same training hyperparameters
and data augmentation as FAb-Net (please refer to Section 1.2).

Autoencoder. FAb-Net’s encoder-decoder architecture are used. The autoencoder is trained
to recreate the source frame via a 256-dimensional bottleneck vector, which is used later for
evaluation. (The 256 dimensional vector output from the encoder serves as input to the
decoder.)

Gidaris et al. [3]. Gidaris et al. apply a rotation θ ∈ {0◦,90◦,180◦,270◦} to an image and
train a CNN to predict the rotation that has been applied. To implement this baseline, FAb-
Net’s encoder (illustrated in Fig. 1) is used. A linear layer (with input channel size 256 and
output channel size 4) is appended followed by a softmax layer. The network is trained with
a cross-entropy loss. The 256-dimensional embedding is used for evaluation.

Zhang et al. [10]. Zhang et al. split an input image into L and ab channels (e.g. grey and
colour channels) and then learn to reconstruct the ab channels from the L channel and the L
channel from the ab channels. To do this, they effectively split the network into two smaller
networks, each with half the capacity of the original network. To implement this baseline,
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the exact same encoder-decoder structure as FAb-Net is used, except that it is divided into
two subnetworks, each with half the capacity of the original network at each layer (e.g. 16
channels in the first layer and 128 channels in the embedding for each sub-network). The
MSE loss is used as the reconstruction loss. The concatenation of the two 128-dimensional
embeddings gives a 256-dimensional embedding, which is used for evaluation.

3 Datasets
For our models and baselines the input image size is 256/times256 except for the VGG-Face
descriptor which requires input images of size 224/times224.

300-W and MAFL. FAb-Net is evaluated on 300-W and MAFL using the procedure out-
lined in [8]. In order to make the images more similar to those of VoxCeleb+, the images
are re-cropped to make a tighter crop around the face region (this is a fair comparison as
[8, 9, 11] re-crop to make the images more similar to those in CelebA [6] which they use as
their training set).

AFLW. The images in AFLW [5] are resized to 256×256 for our models and to 224×224
for the evaluation of the VGG-Face descriptor.

EmotioNet. For EmotioNet [1], the classifier is trained on the subset of the dataset that is
automatically annotated. We divide this subset into a training and a validation set (with a
80/20 split). The faces are detected using dlib [4] and cropped to 256× 256. This results
in 743,033 images for training and 185,759 images for validation. The independent set of
about 25k images is used as test set. After detecting faces, this gives 25,517 images for
testing. This evaluation is done for the 11 AUs used in track 1 of the EmotioNet challenge
2017 [2].

AffectNet. For our experiments on AffectNet [7], we use the manually annotated subset of
the dataset. As the AffectNet test set is not released, we use the released validation set to test
on and randomly divide the training set into a training and a validation subset (with a 85/15
split). The faces are detected using dlib [4] and cropped to 256×256. Furthermore, images
annotated as ‘non-face’, ‘none’ or ‘uncertain’ are discarded. This results in 287,055 images
for training, 57,411 for validation and 3989 images for testing. The test set is balanced
across the different emotion categories whereas the training data is not.

4 Additional qualitative results.
Additional examples of learned confidence heatmaps are visualised in Fig. 2 and additional
examples for retrieval are visualised in Fig. 3.
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Figure 2: Additional examples of confidence heatmaps predicted by FAb-Net for the given
source and target frames. These examples demonstrate how the confidence maps allow the
network to focus on certain source frames or parts of different source frames. In the top left
example, the network chooses one eye from the rightmost source frame even though its pose
is quite different as compared to that of the target frame. In the bottom two examples, the
source frames with pose or zoom dissimilar to that of the target frame are discarded.
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(a)

(b)

(c)

(d)
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(f)
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Query Images Nearest Neighbours. Arranged left to right.

Figure 3: Additional results for nearest neighbour retrieval using the embedding learned by
FAb-Net. The embedding captures facial attributes, e.g. pose and expression, as it succeeds
in retrieving images with similar facial attributes given a query image.
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Chapter 5

Visual pitch estimation for violin
playing

This work was presented as a poster at the 16th Sound & Music Computing Confer-

ence (SMC), 2019.

In this paper, we present a student-teacher framework that allows to estimate pitch

for videos of violin playing from visual information alone.
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ABSTRACT

In this work, we propose the task of automatically estimat-
ing pitch (fundamental frequency) from video frames of
violin playing using vision alone. Here, we consider only
monophonic violin playing (where only one note is being
played at a time).
In order to investigate this task, we curate a new dataset of
monophonic violin playing. We propose a Convolutional
Neural Network (CNN) architecture that is trained using a
student-teacher strategy to distil knowledge from the audio
domain to the visual domain. At test time, our network
takes video frames as input and directly regresses the pitch.
We train and test this architecture on different subsets of
our new dataset.
We show that this task (i.e. pitch prediction from vision) is
actually possible. Furthermore, we verify that the network
has indeed learnt to focus on salient parts of the image, e.g.
the left hand of the violin player is used as a visual cue to
estimate pitch.

1. INTRODUCTION

Humans can obtain some understanding of music simply
by watching instruments being played, even without access
to audio recordings of the music itself. Indeed, a trained
musician might be able to transcribe an entire video purely
from visual cues alone, although with great painstaking
manual effort. The movement and position of the instru-
ment and body (specifically the movement of the arms,
hands and fingers) have a direct correlation with the sound
produced. In this work, we investigate the following ques-
tion: is it possible for a trained neural network to identify
the pitch of played notes, simply from the frames of a silent
video?

Our approach is a valuable first step towards the task of
complete visual music transcription. While audio based
music transcription is a widely studied and successful field,
the task of visual music transcription has not been explored
to a great extent. Performing this task from standard frame-
rate visual information alone can be extremely useful in
instances when the audio is of poor quality, missing, or
mixed with information from other audio sources, e.g. in

Copyright: c© 2018 A. Sophia Koepke et al. This is
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Figure 1. Pitch estimation from visual information. Given
video frames, the network is tasked to predict pitch using
only the visual information.

the case of polyphonic music. These scenarios are chal-
lenging for purely audio-based pitch estimation methods.

We investigate this by training a network to predict pitch
information from video frames of monophonic solo violin
recordings using only the visual image data (see Figure 1).
Given a set of video frames, the network learns to regress
the corresponding pitch. In order to perform this challeng-
ing task, our method makes use of two insights. First, us-
ing a teacher-student strategy (i.e. training one network us-
ing another network [1]) is important to enforce that the
network learns the visual cues that are correlated with the
corresponding sound. Intermediate audio features are cru-
cial in providing an additional training signal for the visual
pitch estimation network. Second, using multiple frames
as input (i.e. a short silent video clip) is preferable to us-
ing a single still frame. This is because the additional
frames resolve ambiguities such as which string is vibrat-
ing (i.e. the string that is being played on with the bow).
These insights inform our architecture choices, described
in Section 3.

The models are trained and evaluated on a new dataset
(Section 4) of violin playing. This dataset is divided into
three subsets which vary in difficulty. The first two subsets
are recordings of a single player photographed by a fixed
mobile phone camera. The third subset consists of ‘in-the-
wild’ videos downloaded from YouTube.

On all of these datasets, our method demonstrates that re-
gressing pitch directly from video frames is indeed possi-
ble (Section 5). Finally, we verify that the method is mak-
ing sensible predictions by investigating what regions of
the image are most salient for the prediction. We find that
our method focusses on the movement and location of the
musician’s arms, hands and fingers; this is similar to how



Figure 2. An overview of the visual pitch estimation method. We train our framework with a student-teacher strategy by
distilling discriminative knowledge from a teacher network to a student network. The teacher network regresses pitch from
audio whereas the student network is trained to regress pitch from visual information alone. Both networks are trained using
pseudo ground-truth pitch information which is automatically extracted using an audio-based method and thereby does not
require any manual annotation. The audio to pitch network is trained first and then used to train the frame to pitch network
(student) by minimising the distance between the activations of the final three fully-connected network layers of the student
and the teacher network. At test time, given one or multiple visual input frames, the student network is used by itself to
regress pitch. In the case of multiple input frames, the outputs of the first convolutional layers of the student network are
concatenated and fused through a 3D convolutional layer (Fusion module) before being input to the next convolutional
layer.

a human would approach this task.

2. RELATED WORK

Here, we only consider directly related work on cross-modal
information transfer between audio and visual information.
Multi-modal audio-visual representations. Training strate-
gies that encourage synchronisation between the audio and
visual streams have been used successfully for speech syn-
chronisation [2]. More generally the correspondence be-
tween the audio and visual streams (though not their strict
synchronisation) has proven very useful for obtaining mean-
ingful features for sound localisation and separation [3, 4].
In these works, the natural synchronisation in videos can
be leveraged in a self-supervised manner to obtain useful
image and audio representations. Aytar et al. [5] also ex-
ploit this natural synchronisation property in order to trans-
fer knowledge from visual recognition networks into sound
networks. However, we propose a framework that transfers
knowledge the other way round, i.e. from audio to visual
information.
Cross-modal audio-visual generation. Related to our frame-
work are methods that generate audio from visual infor-
mation, e.g. spectrograms or other sound features from vi-

sual information [6–10], or localise sound in video in order
to separate different sounds [11, 12], or analyse vibrato-
patterns for audio-visual association [13].

The URMP dataset by Li et al. [14] is targeted at cross-
modal audio-visual generation. However, it poses two lim-
itations for our task. Firstly, the image resolution of the
released dataset is not very high which makes it difficult to
actually recognise pitch from the visual information alone,
as the key parts of the image (e.g. the fingers of the left
hand) are too small. Secondly, the dataset was recorded in
constrained settings with only a limited number of musi-
cians which limits the generalisability of models trained on
this data to other settings. Therefore, in addition to training
and evaluating our models on the URMP dataset, we gath-
ered a new dataset to train and test our framework that is
of higher resolution and which also contains ‘in-the-wild’
videos.

Music transcription from silent video. More closely re-
lated to ours is the work by Gomez et al. [15] which pro-
poses to leverage visual information to transcribe clarinet
videos using the hand movements in recorded video se-
quences. However, unlike their method, we do not require
any manual tracking or labelling (i.e. finger/hole positions)



as supervision in order to train our network.
Zhang et al. [16] addressed a similar task to ours of visu-

ally obtaining pitch for violin by detecting the strings of a
violin and by recognising finger events (such as their posi-
tion and whether they are pressing on a string). However,
their method is quite constrained; it involves tracking the
fingers and the strings, and makes assumptions about the
length of the fingerboard which requires the image data to
always be perfectly aligned. In contrast, our method gives
convincing results for different viewpoints and requires no
manual labelling.

Another related method is the physics-based approach for
recovering pitch from silent guitar video by Goldstein and
Moses [17]. However, their method requires mounting a
camera, that allows recording with high frame rates, on the
guitar itself in order to use the actual string vibrations to
predict pitch. Unlike their method, our set-up only requires
the use of a normal camera and it learns to localise the left-
hand position of the musician (relative to the instrument)
in order to infer pitch. Our method can thus be applied
retroactively to videos that have already been recorded.

3. MODEL

In this section, we describe the training and testing frame-
work used to regress pitch from video frames. We treat this
as a classification task. The network takes video frames
as input and estimates the pitch as a MIDI number. An
overview is given in Figure 2.
Teacher-student strategy. We found that directly regress-
ing pitch from the video frames did not generalise at test
time. This is presumably because the visual information
relevant for the pitch prediction task occupies only a small
part in the video frames.

As a result, we train two networks – a teacher and student
network – such that the activations of the student network
are similar to those of the teacher. The teacher network
regresses pitch from audio and the student regresses pitch
from video frames. The rationale for using this strategy is
that, in order to contain relevant information about pitch,
the high-level representation of the visual information (en-
coded in the student) should be close to that of the audio
information (encoded in the teacher). This strategy proved
crucial to obtain a network that generalises at test time.

The teacher network is first trained using STFT spectro-
grams as input to regress the pseudo ground-truth pitch (the
method for obtain this pseudo ground-truth is described in
section 5). The student network is then trained to regress
the pitch with an additional loss that enforces that the ac-
tivations of the higher level layers are similar to those in
the teacher network. For this, we use an L1 loss which is
weighed so that the contribution for each of the three fully-
connected layers is as big as the pitch classification loss.
Both networks are trained to predict pitch with a cross-
entropy loss.
Neural Network Architecture. The teacher and student
network architectures are loosely based on the VGG-M
network architecture [18] and can be seen in more detail
in Figure 2. For the student network, in the case of multi-
ple input frames, the outputs of the first convolutional lay-

(a) Vn1 and VnAll datasets. (b) VnYT dataset.

Figure 3. Pitch distribution over the number of frames in
the three subsets of our dataset; the constrained single-
string data Vn1, the data on all strings VnAll, and the in-
the-wild data VnYT. Pitch is shown in MIDI numbers. The
subsets cover the chosen full pitch ranges.

ers are concatenated and fused using a 3D convolutional
layer to combine the information from the frames with spa-
tial kernel size 3× 3 followed by batch normalization and
ReLU. The output serves as input to the second convolu-
tional layer. For just a single input frame, the output of the
first (2D) convolutional layer is directly input to the sec-
ond convolutional layer. The first two convolutional layers
consist of 7×7 convolutions, whereas the subsequent ones
are 3× 3 convolutions and the last three are 1× 1 convolu-
tions. All convolutional layers have stride 1 except for the
second one, which has stride 2.

4. DATASETS

We curate a new violin playing dataset which consists of
three subsets (Vn1, VnAll and VnYT) that differ in difficulty
and size. The most challenging subset VnYT consists of in-
the-wild violin solo videos downloaded from YouTube 1 .
These are largely comprised of recordings of solo recitals,
etudes, and orchestra auditions. Both Vn1 and VnAll are
recorded in simpler conditions: all videos are of a sin-
gle violinist, have similar backgrounds and are taken from
similar angles.

The datasets vary in terms of the range of pitches. Both
Vn1 and VnAll consist of recordings of a violinist playing
in a practise-like set-up (but without the thousandfold rep-
etitions of the same phrases). The easiest subset Vn1 con-
sists of videos that only contain violin playing on a single
string, resulting in a range of 20 semitones (MIDI num-
bers between 68 and 88). Estimating the pitch is easier in
this case, as there is no ambiguity concerning which string
is being played. VnAll contains videos played in the full
pitch range of the violin without being restricted to play-
ing just on one string. For both VnAll and the most difficult
subset VnYT, we consider a range of 33 semitones (MIDI
numbers between 55 and 88).

All subsets are split into train/val/test sets. Disjoint parts
of the same videos are used for training and validation. The
test sets consist of frames that were not seen during train-

1 Example videos: https://youtu.be/-ccYdhQAn10,
https://youtu.be/YGCYelAHdaU



Dataset Vn1
Train Val Test

# of videos 5 1
# of frames 25308 2791 9875

Dataset VnAll
Train Val Test

# of videos 9 1
# of frames 54865 4107 6373

Dataset VnYT
Train Val Test

# of videos 122 10
# of frames 303391 33063 20067

Table 1. Dataset statistics. Details of the three different
subsets, the controlled setting data on a single string Vn1,
the controlled setting data on all strings VnAll, and the
in-the-wild data on all strings VnYT and their respective
train/val/test splits.

ing (from left-out unseen videos). The precise numbers of
frames and videos are given in Table 1.

Finally, for all three subsets, we extract frames and pseudo
ground-truth pitch using the spectral domain YIN algo-
rithm [19] using the implementation in the aubio library
(yinfft) [20].

In addition to the above datasets, we consider the subset
of the URMP dataset that contains videos of violin play-
ing. We loosely crop the frames around the violinist and
leave out 4 videos (single-instrument tracks) for testing and
take the remaining violin videos for training and valida-
tion. This results in about 35000 frames for training and
12761 for testing. This dataset contains ground-truth pitch
information. Therefore, we can train with actual ground-
truth pitch. We consider a range of 33 semitones (MIDI
numbers between 55 and 88). All models are trained and
tested with the same train/val/test split on each dataset.

Furthermore, we generate STFT spectrograms for all men-
tioned datasets in order to train the audio to pitch network.

5. EXPERIMENTS

In this section, we evaluate both the audio to pitch (teacher),
and the video frame to pitch (student) models. We con-
sider using a single versus multiple input video frames. We
first train the audio to pitch network to regress pitch from
spectrograms. This network then serves as the teacher net-
work when training the single frame to pitch network or
the multi-frame to pitch network.

The models are trained in PyTorch [21] using the Adam
optimiser [22] with an initial learning rate of 0.001. The
learning rate is divided by a factor of 10 when the loss on
the validation set plateaus. The batchsize is N = 64 for the
single frame architecture and the audio to pitch network,
and N = 24 for the architecture with 5 input frames. The
frames are resized to 400× 200. For the datasets Vn1 and
VnAll, the frames are consistently more tightly cropped
around the instrument whereas there is much more vari-
ation of the location and relative size of the instrument in

Network RPA RPA tol PA ACA ACE
Dataset Vn1

Audio to pitch 98.30 99.14 96.74 86.03 0.06
Frame to pitch 89.98 91.57 62.41 51.64 0.45

5 fr. to pitch (3D conv) 93.8 94.91 66.7 58.75 0.43
Dataset VnAll

Audio to pitch 94.26 94.40 90.87 94.33 0.06
Frame to pitch 74.17 75.55 47.48 33.3 2.50

5 fr. to pitch (3D conv) 77.24 78.98 50.33 41.66 1.65
Dataset VnYT

Audio to pitch 98.30 99.14 96.74 86.03 0.06
Frame to pitch 44.3 51.37 33.18 45.2 2.50

5 fr. to pitch (3D conv) 62.5 67.89 48.44 51.77 2.34

Dataset URMP
Audio to pitch 98.28 98.5 96.73 98.88 0.07
Frame to pitch 53.11 58.3 42.71 39.86 2.73

5 fr. to pitch (3D conv) 57.3 62.04 45.26 41.79 2.43

Table 2. Evaluation of our models determining the ac-
curacy in predicted pitch for the Vn1, VnAll, VnYT , and
URMP test sets. Higher is better for Raw Pitch Accu-
racy (RPA), Raw Pitch Accuracy with a tolerance of one
frame (RPA tol), Pitch Accuracy (PA), and Average Class
Accuracy (ACA). Lower is better for Average Class Error
(ACE). Using multiple input frames improves the perfor-
mance.

VnYT.
Evaluation measures. We report the performance of our
models in Table 2. For Raw Pitch Accuracy (RPA), a pre-
dicted pitch is counted as correctly estimated if it lies within
one semitone of the ground truth pitch. RPA tol addition-
ally allows the prediction to be off by at most one frame.
Furthermore, we report Pitch Accuracy (PA) and Average
Class Accuracy (ACA). ACA gives the averaged per-pitch-
class accuracy. The ACE describes the average error be-
tween the predicted and the ground truth pitch class (ACE
of 1 corresponds to an average error of one semitone).
Video to pitch performance. The audio to pitch teacher
networks reach an RPA of above 90% on the test sets.
This serves as a very good starting point to train the stu-
dent frame to pitch networks. We note that direct training
of the visual pitch estimation network without distilling
information from the pitch teacher network did not con-
verge. It can be observed that our method performs best
when trained and tested on the simpler datasets with mini-
mal ambiguities Vn1 and VnAll. This corresponds with the
intuition that this set-up is easier, as the fingers and there-
fore the pitch is more clearly visible at higher resolution
as compared to VnYT or URMP. Nevertheless, a RPA of
62.5% for the frame to pitch network on the in-the-wild
YouTube video dataset VnYT means that the pitch is esti-
mated within a semitone of the ground-truth on average in
62.5% of the test cases; this verifies that our method gen-
eralises to unseen videos and people at test time on chal-
lenging ‘in-the-wild’ videos. When allowing for an offset
of one frame in the predictions, we achieve an accuracy
of 67.89% (RPA tol). This accounts for the case that the
alignment between audio and visual information might not
be perfect in the data which is the case for some of the
downloaded videos. The reported lower performance on
the URMP dataset may be due to the lower resolution size
of the frames in the dataset and the limitations in terms of



(a) Gradient visualisation for the Vn1 test set.

(b) Gradient visualisation for the VnAll test set.

(c) Gradient visualisation for the VnYT test set.

Figure 4. Discriminative information visualisations using guided backpropagation [23] for the test sets of the Vn1 subset in
(a), the VnAll subset in (b), and the VnYT subset in (c). Heat maps are overlaid in the second rows of (a), (b), and (c). As
demonstrated, the networks focus on the left hand across all the test frames even though the hands are in different positions
relative to the frame. In (c), it can be seen that the network also seems to be focussing on the strings implying that it may
be using vibrations or the movement of the strings in order to estimate pitch. The location of the instrument and strings
relative to the left hand might serve as a further cue for estimating pitch.

its dataset size which confirms the benefits of using our
datasets to address this task. These results are impressive,
given that our method estimates the pitch from visual in-
formation only and in unconstrained recording conditions.
However, our method can only predict one pitch playing
at a time and cannot identify chords as it has been trained
only on monophonic data.

Another interesting point is that there is a consistent im-
provement when using multiple frames as opposed to a sin-
gle one as input to the frame to pitch network. This can be
seen very clearly for the VnYT dataset (RPA tol of 67.89%
vs. 51.37%). This is presumably due to the fact that vi-
sually it can be hard to determine just from the fingers of
the left hand which string a note is played on. To solve
this problem, the network needs to determine which string
is active (using for example information from the bowing
hand / bow or from the vibration of the strings). While
the placement of the hand should be visible from a single
image, the vibration of the string is unlikely to be visible
(unless there is significant motion blur) without taking into
account more frames.

Visualizing what has been learnt. To gain an insight
into what the networks have learnt and how they infer the
pitch from a given frame, we apply guided backpropaga-
tion [23] to our trained networks to determine which parts
of the images are most discriminative. As demonstrated in

Figure 4, the networks have learnt that the fingers of the
left hand and the left hand itself are most relevant for pre-
dicting the pitch given a still frame. Potentially the net-
work also makes use of some information about the vibra-
tion of the played strings (e.g. by recognising motion blur
around strings that are vibrating). This confirms that the
networks do not simply memorise parts of a video, but in-
stead learn to localise the left hands/fingers in the image in
order to estimate pitch. However, the image regions which
the networks focus on are actually quite small relative to
the image size.

6. CONCLUSION

We have presented a method for addressing monophonic
visual pitch estimation; given video frames of violin play-
ing, our method can automatically estimate the pitch being
played using vision alone. The presented task is extremely
challenging, as it requires making use of subtle visual cues
(such as the placement of the hand or string vibrations over
the course of multiple frames), yet our network shows con-
vincing results in three different scenarios: when only one
string is played or all strings are played but the person and
environment remains the same, and in unconstrained ‘in-
the-wild’ videos. Moreover, our method is generalisable,
as training the networks did not require any manual anno-
tations; instead, the pseudo ground-truth pitch information



was extracted automatically from the audio data. It will be
interesting to use this framework to improve pitch predic-
tion using both visual and audio information. This could
prove useful when the audio is of poor quality. In addition
to that, estimating pitch from vision might help the task
of sound source separation when similar instruments are
played on. Furthermore, this method could be pushed fur-
ther to estimating polyphonic violin music played on the
same instrument.
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Chapter 6

Sight to sound: An end-to-end
approach for visual piano
transcription

This work was accepted for oral presentation at the 45th International Conference on

Acoustics, Speech, and Signal Processing (ICASSP), 2020.

In this work, we present a framework that estimates MIDI onsets for videos of piano

playing from visual information only.
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ABSTRACT

Automatic music transcription has primarily focused on tran-
scribing audio to a symbolic music representation (e.g. MIDI
or sheet music). However, audio-only approaches often strug-
gle with polyphonic instruments and background noise. In
contrast, visual information (e.g. a video of an instrument be-
ing played) does not have such ambiguities. In this work, we
address the problem of transcribing piano music from visual
data alone. We propose an end-to-end deep learning frame-
work that learns to automatically predict note onset events
given a video of a person playing the piano. From this, we are
able to transcribe the played music in the form of MIDI data.
We find that our approach is surprisingly effective in a variety
of complex situations, particularly those in which music tran-
scription from audio alone is impossible. We also show that
combining audio and video data can improve the transcription
obtained from each modality alone.

Index Terms— visual music transcription, automatic music
transcription, music information retrieval, deep learning

1. INTRODUCTION

Automatic music transcription (AMT) describes the process
of automatically transcribing raw data – typically audio in-
formation – into a symbolic music representation (e.g. mu-
sic notation or MIDI data). Such technology can be used
to transcribe music when improvising or deliberately com-
posing, making it easily reproducible. However, AMT from
audio alone is challenging in multiple situations, such as in
the presence of multiple notes or instruments or when there
is background noise. While digital instruments automatically
transcribe music using sensors rather than audio (e.g. a digi-
tal piano uses keypress sensors to write MIDI data), acoustic
instruments are typically not equipped with such sensors.
In this paper, we propose an end-to-end deep learning ap-
proach that uses only visual information for transcribing pi-
ano music while ignoring audio cues, i.e. visual music tran-
scription (VMT). We obtain pseudo ground-truth data to train
our framework using an audio-based method.
Using visual cues alone for music transcription is possible
because simply watching a pianist play reveals information
about the notes being produced. For example, the position-

ing of the hand and keys reveals information about the keys
being pressed. Furthermore, the motion between frames pro-
vides localisation information about the onset of notes. Thus,
it is reasonable to expect that musical audio information can
be extracted from purely visual data. Using video removes
the ambiguities that arise from relying on audio alone when
multiple notes sound simultaneously. However, this is a chal-
lenging task since the fingers may move without pressing a
key and keypresses can be occluded by the hands.
Given a video of a pianist playing, we automatically predict
the pitch onset events (i.e. which and when keys are being
pressed) in each video frame. We can then stitch onset events
together to extract a music transcription for an entire video.
This enables a number of possible applications. An obvious
use case is to transcribe silent piano videos. Also, in a sim-
ilar manner to lip reading in the speech domain improving
speech recognition, note onset estimation from visual infor-
mation can improve audio music transcription compared to
using audio alone.

2. RELATED WORK

Music transcription from visual information. Most pre-
vious methods for transcribing piano music from visual data
alone are designed for constrained settings; they rely on de-
tecting pressed keys and do not make use of temporal in-
formation in terms of hand and finger motion. [1, 2] use
RGB images and require difference images between the back-
ground and current video frame to detect hands and piano
keys. This is difficult to obtain when the illumination changes
across the video or when shadows appear. [2] add an illumi-
nation correction step in their pipeline, but the authors report
limitations for drastic light changes or vibrations of the cam-
era or piano. [3] adds depth information, which enables ve-
locity prediction. [4] also use depth cameras to identify key
presses for a piano tutoring system. [5] predicts per-frame
key presses; however, their set-up is quite constrained and can
only predict a single key press per frame. Our method on the
other hand, does not require depth information or background
images and can deal with illumination, shadow changes, and
vibration of the camera or piano. A few works have tackled
VMT for other instruments (e.g., guitar [6], violin [7, 8], and
clarinet [9, 10]). [11, 12] fuse visual and audio information



Fig. 1: An overview of our network architecture. Note onset prediction from k video frames of piano playing. Our models use k = 5.
The network architecture is based on the ResNet18 architecture. The activations from k consecutive input frames are aggregated using a 3D
convolution (aggregation module). xkey is a vector that is passed into the slope module which encourages the network to preserve spatial
information at later stages.

together for guitar and piano transcription respectively.
Our work is most similar to [13] and [12], both of which use
learning-based approaches to VMT. [13] presents a multi-step
pipeline that requires significant preprocessing: given a pro-
cessed crop of a single key, their Convolutional Neural Net-
works (CNNs) predict whether it has been pressed. [13] relies
on key presses that are clearly visible from video frame dif-
ferences. This is not the case when there is video jitter, instru-
ment vibrations, low-resolution video data, or video recorded
from directly above the keyboard. We cannot compare our
method on [13]’s data as their provided MIDI and video in-
formation is not aligned. However, we evaluate our data on
more challenging and varied music pieces and settings. [12]
present a deep learning approach that uses both audio and vi-
sual information to detect key presses. They only demonstrate
their method on high-quality videos (recorded at 60 fps) and
simple pieces (e.g., piano exercises that have at most one note
per hand at the same time). We compare our visual only per-
formance to [12]’s on their data in the experiments.
Music transcription from audio information. [14] provides
a detailed review of AMT methods, including those for piano.
We use [15]’s Onsets and Frames framework to obtain pseudo
ground-truth to train our networks.

3. NETWORK ARCHITECTURE

In this section we introduce a spatio-temporal model architec-
ture (see Fig. 1) for performing VMT. The model is tasked to
predict note onsets (a note onset is the start of a note – for pi-
ano playing this coincides with the pressing of a piano key). It
uses temporal information by way of the aggregation module
and maintains spatial information through the slope module.
Overview. Our model is based on the ResNet18 architecture
[16]. Given 5 consecutive grayscale video frames, the model
is tasked to predict all note onsets occurring within ±1 frame
around the middle video frame (i.e. within± 1

video frame rate sec).

For a video frame rate of 25 fps, 5 frames cover 0.2s. The 5
input frames are each passed through the first ResNet18 block
(with shared weights).

Aggregation module. This module allows the model to make
use of temporal information (e.g. the motion of the hand be-
tween frames) to determine whether a note is being pressed
down (an onset). The output features of size 64 × 73 × 400
(d× h× w) from the first ResNet18 block are aggregated by
stacking them and passing them through a 5×1×1 3D convo-
lution, resulting in a channel-wise temporal weighted average
of the activations corresponding to the input frames.

Slope module. Classification CNNs are designed to be in-
variant to spatial positioning. However, in our case spatial
localisation is essential, as the location of the hand within the
image gives a large amount of information as to the octave and
thereby the actual note being played. To allow the network to
preserve spatial information, we also pass as an input a slope
vector xkey ∈ [0, 1]88, which contains 88 linearly spaced val-
ued between 0 and 1 to represent the relative position of a key
on the keyboard. This constant slope vector xkey is passed
through two 1D convolutional layers, with filter size 3 and
padding of 1, spatially cloned to expand to size 64× 10× 50,
such that it matches the output of the third ResNet18 block of
size 256 × 10 × 50, before being concatenated to the same.
The concatenated activations are then passed through another
convolutional layer with filter size (3 × 3) and padding of 1
resulting in features of size 256×10×50 before being passed
through the rest of the ResNet18 model.

Loss function. The outputs of the final fully-connected layer
for our model are 88 probabilities, one for each of the MIDI
notes that the piano covers. The models are trained by min-
imising a binary cross-entropy loss function for each note.



4. DATASETS AND TRAINING

4.1. Datasets

We curated two new datasets of piano playing (PianoYT and
MIDI test set) for training our model and to test its gen-
eralisation capabilities. The PianoYT and MIDI datasets
are available at https://www.robots.ox.ac.uk/∼vgg/research/
sighttosound/. We also test our models on the Two Hands
Hanon test set from [12].
PianoYT: This dataset contains over 20 hours of piano play-
ing videos uploaded to YouTube. All videos are recorded
from a top view. We split the data into 209 training/validation
videos and 19 test videos. 172 of the training videos and all
test videos were recorded by Paul Barton1. We obtain pseudo
MIDI ground-truth from the audio in the video using the On-
sets and Frames framework [15].
MIDI test set: In order to evaluate how robust our method is,
we also test on 8 recorded videos of an amateur pianist that
does not appear in the training set. For this, we recorded data
with actual MIDI ground truth using a phone camera. The
MIDI was recorded with a digital piano and then aligned with
the audio of the recorded video. It consists of a variety of
piano pieces (e.g. BWV 778, Schumann Op.15 No.1, Hanon
exercises 1 and 5).
Two Hands Hanon test set: The third evaluation dataset is
the Two Hands Hanon test set in [12] (i.e. Hanon exercises
1 and 5). This dataset contains less challenging pieces with
fewer chords and the notes are within a smaller range than
those in the MIDI test set.

4.2. Training details

The models are trained on the PianoYT training set using
pseudo ground-truth MIDI. Video frames were extracted at
their native frame rate. We performed a visual registration
procedure resulting in a resized crop of 145× 800 pixels such
that the keyboard is fully visible and roughly in the same lo-
cation within the crops.
Because of the relative sparsity of onset events, we reweight
training examples in each batch (i.e. class balancing) such that
the weight of onset events is equal to that of non-onset events.
The models are trained in PyTorch [17] using the Adam op-
timizer [18] with β1 = 0.9, β2 = 0.999, and batchsize of
24. The initial learning rate is set to 0.001 and training was
stopped when the validation loss plateaued. The classification
threshold was set to 0.4 using the validation set for all mod-
els. For data augmentation, we resize the crops to 150 × 805
and randomly crop 145 × 800 pixel regions. In addition to
spatial jitter, we jitter the brightness and add Gaussian noise
with a factor of 1% of the mean value of the image to 40% of
the training images.

1https://www.youtube.com/user/PaulBartonPiano

5. EXPERIMENTS

We evaluate our model in multiple settings. First, we demon-
strate that we can indeed extract onsets from visual informa-
tion alone (Section 5.1). We then demonstrate that this is use-
ful in the case of corrupted audio (Section 5.2) and that it can
be used to produce MIDI and thereby the audio corresponding
to the entire video (Section 5.3).
Metrics: We report precision, recall, accuracy, and F1 scores
for the onset estimation on different test sets. For details about
the calculation of these metrics, see [19]. For the PianoYT
and the MIDI test set, we report note-level metrics. For the
Two Hands Hanon test set, we (similar to the authors of [12])
report frame-level metrics after finetuning to not just predict
onsets, but also sustained notes.

5.1. Visual pitch onset estimation

We test how well our model (ResNet + aggregation + slope)
can extract onsets from visual information alone. We also per-
form a model ablation study to demonstrate the utility of the
aggregation and slope modules by comparing to two base-
lines: (i) ResNet is a ResNet18 model that takes as input 5
frames; the network’s first layer is modified to have 5 chan-
nels. This model has neither the temporal aggregation nor
the slope modules. (ii) ResNet + aggregation is a ResNet18
model with temporal aggregation after the first ResNet block
but without the slope module.
Results: For the test set of the PianoYT dataset, the estimated
MIDI prediction is compared to the pseudo-ground truth. In
addition to that, we test our models on videos with actual
MIDI ground truth (MIDI test set). Finally, in order to com-
pare to [12], we report results on their Two Hands Hanon test
set. Results are given in Table 1.
We see that our custom additions to the ResNet18 backbone
architecture (e.g. temporal aggregation and slope module) im-
prove our model’s performance. Furthermore, there is a large
difference in results when testing on the MIDI test set as op-
posed to [12]’s Two Hands Hanon test set. The MIDI test set
contains more difficult music pieces than [12]’s Two Hands
Hanon test set, as more chords are played and a much wider
range of notes is covered. In order to bridge the domain gap
between our training data (PianoYT dataset) and [12]’s Two
Hands Hanon test set (after removing radial distortion of the
images), we finetuned our models on their training set. We
obtain a frame-level note accuracy (pressed key accuracy) of
87.43%, outperforming their best model that uses audio and
visual information. Our results demonstrate the generalisabil-
ity of our model both to unseen pianists and to more challeng-
ing pieces as compared to other methods.

5.2. Audio-visual pitch onset estimation for noisy audio

In Table 2, we demonstrate that using audio and visual infor-
mation together can be useful especially when the audio is



Model Prec Rec Acc F1-score

PianoYT test set

ResNet 61.40 67.59 50.29 63.72
ResNet+aggregation 63.86 67.87 52.20 65.26
ResNet+aggregation+slope 62.23 73.00 53.33 66.63

MIDI test set

ResNet 65.26 42.82 36.86 49.94
ResNet+aggregation 72.83 52.44 44.97 59.57
ResNet+aggregation+slope 74.76 73.08 59.59 72.91

Two Hands Hanon test set from [12]

ResNet † 92.36 86.25 80.27 88.53
ResNet+aggregation † 92.55 93.69 86.96 92.76
ResNet+aggregation+slope † 93.07 93.40 87.43 93.00
[12]‡ 2-stream w/ Multi-Task - - 75.37 -

Table 1: Precision, recall, accuracy and F1-score for pitch onset
estimation on the PianoYT test set, the MIDI test set and [12]’s
Two Hands Hanon test set for our model (ResNet + aggregation +
slope) and two baselines (ResNet, ResNet + aggregation). † fine-
tuned on the training set from [12] (after removing radial distortion).
‡ Pressed key accuracy taken from [12] for their best performing
model that takes both, audio and visual information as input.

mixed with other sounds or noise.
The performance of the Onsets and Frames framework [15]
decreases drastically when the audio is noisy. Mixing the Pi-
anoYT test set with other piano audio with a signal-to-noise
ratio of 1 results in an F1 score of 67.52% compared to the
pseudo-ground truth obtained for the clean audio. In order
to see how we can improve the pitch onset estimation using
audio and visual information together, we train a 3-layer per-
ceptron that combines the visual and audio information. It
takes the concatenatation of [15]’s 512-dimensional final fea-
ture vector from the noisy PianoYT audio with our final fea-
ture vector (ResNet+aggregation+slope) as input. As can be
seen in Table 2, this results in a significantly improved F1

score of 81.82%, outperforming the audio-based and our vi-
sual based method which achieved an F1 score of 66.73% on
this data. This demonstrates that using our model to leverage
visual information is beneficial for obtaining note onsets.

5.3. Producing MIDI

We combine the outputs that our model produces for every
5-frame window to re-create the audio of a full video. For
a given video, we pass all outputs from our model through a
Gaussian filter (σ = 5) to add temporal smoothing and thresh-
old the smoothed signal resulting in a binary signal for every
note which can be saved as MIDI data. Fig. 2 shows spectro-
grams for one of the test videos in our MIDI test set computed
from the generated and the ground-truth audio (synthesized
from MIDI) respectively.
In this example, we notice that the generated audio is able
to capture the rough structure of the piece and to correctly
predict most of the notes. More example results can be found

Model Prec Rec Acc F1-score

Noisy audio PianoYT test set, SNR = 1

Audio to note onsets [15] 63.10 80.12 58.93 67.52
Audio-visual MLP (ours + [15]) 87.32 78.20 71.97 81.82

Table 2: Precision, recall, accuracy and F1-score for pitch onset
estimation for the noisy PianoYT test set where the clean audio is
mixed with other piano audio. The performance of the audio to on-
set estimation suffers with added noise. Audio and visual features
are ingested by the MLP which combines visual features from our
model with audio results from [15], and results in a significant im-
provement.

Fig. 2: Spectrogram comparison for generated audio from our MIDI
prediction (right) and ground truth (left) for a test video. Our model’s
MIDI prediction captures the structure of the music piece and pre-
dicts most of the ground truth notes correctly. Note that our model
gives sparser predictions than the ground truth (e.g. darker vertical
lines appear around 1:00 min in the spectrogram on the right).

at https://www.robots.ox.ac.uk/∼vgg/research/sighttosound/.
There remains room for improvement as the timing of the
note onset predictions sometimes is slightly off. Our model
was trained to only predict note onset events. However, it
tends to predict multiple onset events (e.g. not just at the very
beginning of a note) as it is not trained to learn the notion of
a note ending.

6. DISCUSSION

We proposed an end-to-end deep-learning framework to
tackle the problem of transcribing piano music from visual
data alone. Our system predicts note onset events given a top-
view video of a person playing the piano. We demonstrated
this on different test sets which vary in difficulty. Here, we
focussed on piano data but our method could be extended to
any other instrument with a spatial layout similar to the piano
(e.g. organ, harpsichord, marimba, harp, etc.). We trained our
frameworks with pseudo ground-truth data but it would be
interesting to use actual ground truth data for training.
Further work should be done to allow for different viewpoints
and to better exploit the temporal information between distant
frames.

Acknowledgements
This work is supported by the EPSRC programme grant See-
bibyte EP/M013774/1: Visual Search for the Era of Big Data.
We thank Ruth Fong for help with smoothing the output.



7. REFERENCES

[1] Potcharapol Suteparuk, “Detection of piano keys
pressed in video,” Dept. of Comput. Sci., Stanford Univ.,
Stanford, CA, USA, Tech. Rep, 2014.

[2] Mohammad Akbari and Howard Cheng, “Clavision: vi-
sual automatic piano music transcription.,” in NIME,
2015.

[3] Albert Nisbet and Richard Green, “Capture of dy-
namic piano performance with depth vision,” https:
//albertnis.com/resources/2017-05-10-piano-vision/
Nisbet Green Capture of Dynamic Piano%
20Performance with Depth Vision.pdf.

[4] Seungmin Rho, Jae-In Hwang, and Junho Kim, “Auto-
matic piano tutoring system using consumer-level depth
camera,” in International Conference on Consumer
Electronics (ICCE). IEEE, 2014.

[5] Souvik Sinha Deb and Ajit Rajwade, “An image
analysis approach for transcription of music played on
keyboard-like instruments,” in Proceedings of the Tenth
Indian Conference on Computer Vision, Graphics and
Image Processing. ACM, 2016.

[6] Shir Goldstein and Yael Moses, “Guitar music transcrip-
tion from silent video,” in BMVC, 2018.

[7] Bingjun Zhang, Jia Zhu, Ye Wang, and Wee Kheng
Leow, “Visual analysis of fingering for pedagogical vi-
olin transcription,” in Proceedings of the 15th ACM in-
ternational conference on Multimedia. ACM, 2007.

[8] A. Sophia Koepke, Olivia Wiles, and Andrew Zisser-
man, “Visual pitch estimation,” in Sound and Music
Computing Conference, 2019.

[9] Alessio Bazzica, J.C. van Gemert, Cynthia C.S. Liem,
and Alan Hanjalic, “Vision-based detection of acoustic
timed events: a case study on clarinet note onsets,” in
Proc. of the First Int. Workshop on Deep Learning and
Music, 2017.

[10] Pablo Zinemanas, Pablo Arias, Gloria Haro, and Emilia
Gomez, “Visual music transcription of clarinet video
recordings trained with audio-based labelled data,” in
ICCV Workshop, 2017.

[11] Christian Dittmar, Andreas Männchen, and Jakob
Abeber, “Real-time guitar string detection for music
education software,” in 14th International Workshop
on Image Analysis for Multimedia Interactive Services
(WIAMIS), 2013.

[12] Jangwon Lee, Bardia Doosti, Yupeng Gu, David Car-
tledge, David Crandall, and Christopher Raphael, “Ob-
serving pianist accuracy and form with computer vi-
sion,” in Proc. WACV, 2019.

[13] Mohammad Akbari, Jie Liang, and Howard Cheng, “A
real-time system for online learning-based visual tran-
scription of piano music,” Multimedia Tools and Appli-
cations, vol. 77, no. 19, 2018.

[14] Emmanouil Benetos, Simon Dixon, Zhiyao Duan, and
Sebastian Ewert, “Automatic music transcription: An
overview,” IEEE Signal Processing Magazine, vol. 36,
no. 1, 2018.

[15] Curtis Hawthorne, Erich Elsen, Jialin Song, Adam
Roberts, Ian Simon, Colin Raffel, Jesse Engel, Sageev
Oore, and Douglas Eck, “Onsets and frames: Dual-
objective piano transcription,” in Proc. ISMIR, 2018.

[16] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian
Sun, “Deep residual learning for image recognition,” in
Proc. ICCV, 2016.

[17] Adam Paszke, Sam Gross, Soumith Chintala, Gregory
Chanan, Edward Yang, Zachary DeVito, Zeming Lin,
Alban Desmaison, Luca Antiga, and Adam Lerer, “Au-
tomatic differentiation in PyTorch,” in NeurIPS Autodiff
Workshop, 2017.

[18] Diederik P. Kingma and Jimmy Ba, “Adam: A
method for stochastic optimization,” arXiv preprint
arXiv:1412.6980, 2014.

[19] Mert Bay, Andreas F. Ehmann, and J. Stephen Downie,
“Evaluation of multiple-f0 estimation and tracking sys-
tems.,” in Proc. ISMIR, 2009.





Chapter 7

Self-supervised cross-modal
learning for music

In this chapter, we give a brief summary of our work in progress on self-supervised

learning from audio-visual music data which connects our work presented in chapter 3

and chapter 4 with our work on cross-modal learning. We include experimental results

for audio-visual synchronisation and lay out directions for further research.

7.1 Motivation

The primary idea for most frameworks that use self-supervised learning from audio-

visual data (as described in chapter 2) is to leverage the temporal synchronisation

of audio and visual information as a training signal by distinguishing temporally

matching pairs of audio and visual information from non-matching pairs. We propose

to similarly use the temporal co-occurrence of audio and visual information for videos

of piano playing for training. An example of temporally matching and non-matching

audio-visual pairs is shown in figure 7.1.

Previous work on self-supervised training for synchronisation has shown to produce

rich audio and visual features [Arandjelović and Zisserman, 2017, 2018; Korbar et

al., 2018]. Similar to their observations, we expect that training with an audio-

visual synchronisation task would produce good features for subsequent training on a

downstream task (e.g. visual music transcription). Korbar et al. [2018] observe that

a careful curriculum for training allows them to learn significantly better features.

However, piano playing synchronisation is also very useful as a task in itself, since

exact alignment of audio and visual information is desired and can be tedious when

done manually post recording. We propose to train a framework to address audio-

visual synchronisation similar to Chung and Zisserman [2016a] to align the pianists’
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Figure 7.1: Visualisation of the audio and visual streams for a video of piano playing.
Matching audio-visual information is highlighted in the same colour (i.e. red video
paired with red audio); an example of a negative pair would be realised by differently
coloured audio-visual clips (i.e. red visual frame and audio segment highlighted in
yellow).

finger movements with the corresponding audio. We claim that this task can be

challenging since, in addition to the movement of the fingers to hit a key, the hands

themselves move across the keyboard and are not stationary. In the case of lip-

speech synchronisation, the use of face detections results in the mouth being in the

same position within the input frame where only the shape of the mouth varies.

Furthermore, when playing the piano, movements of fingers can occur without hitting

a key. However, relying on visible keypresses instead of finger motion alone is not

feasible either, because keys can be occluded by the hands or not visible directly from

above.

7.2 Method

7.2.1 Model

Our model consists of a visual stream and an audio stream (see figure 7.2). The visual

stream is based on the ResNet18 architecture [He et al., 2016] and takes 5 consecutive

greyscale video frames as input. The audio stream is based on the CREPE network

architecture [Kim et al., 2018] for pitch estimation from audio which takes 0.2 second

raw audio segments as input. The network is trained to align features of matching

audio and visual inputs and to separate non-matching ones.

Following Chung and Zisserman [2016a], we minimise a contrastive loss function lcon

[Chopra et al., 2005] for training. For a pair of audio and visual features, a and v,

lcon(v, a, y) =
1

2

(
(1− y)d2 + y(max(0,m− d))2

)
, (7.1)
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Figure 7.2: Network architecture for audio-visual synchronisation. Our network con-
sists of a visual and an audio stream. 5 consecutive video frames are input to the
visual stream. It consists of a slightly modified ResNet18 architecture which takes as
input 5 channels (5 concatenated greyscale images) and outputs a 2048-dimensional
feature vector. This is passed through two fully-connected layers to give the visual
feature v. A corresponding or non-corresponding 0.2s raw audio segment is input to
the audio stream which consists of 6 1D-convolutional layers. Its output goes through
two fully-connected layers to give the audio feature a. The network is trained using
a contrastive loss function lcon (see equation 7.1).

where d = ‖v− a‖2, m is a margin which we choose to be 1, and y is the label which

is 0 for non-matching and 1 for matching audio-visual pairs.

7.2.2 Dataset and training details

Our framework is trained using the PianoYT dataset introduced in chapter 6 which

consists of spatially aligned top-view piano videos. The visual frames are cropped

and resized to 145×800 pixels. The model is trained in PyTorch [Paszke et al., 2019]

using the Adam optimizer [Kingma and Ba, 2015] (β1 = 0.9, β2 = 0.999) with a

batchsize of 24. The learning rate was set to 0.0001 and training was stopped when

the validation loss plateaued. Positive audio-visual pairs consist of matching audio

and visual frames for a temporal segment of 0.2s. Negative pairs can be from the

same or from a different video, but the temporal windows of the audio and visual

inputs do not overlap. No curriculum strategy is used for training.
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7.3 Experiments

We visualise the distance between visual and audio features in figure 7.3. We show

the averaged L2 distance over all clips in the test set between each visual feature and

the audio features within a time window of ±2 seconds around the true corresponding

audio. An offset of 0 corresponds to the true match which is where the distance is

minimal as desired. As can be seen in figure 7.3, our model learns to embed audio

and visual features closer together for matching audio and visual inputs as compared

to taking audio input that is shifted. The results show that our model could be used

for temporal audio-visual synchronisation of videos of piano playing.
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Figure 7.3: Visualisation of synchronisation results on the PianoYT test set. L2

distance between audio and visual features for 0.2 second audio features within a
window of ±2 seconds of the true match.

7.4 Discussion

We proposed a self-supervised framework for automatic temporal alignment of audio

with its corresponding video for videos of piano playing. We have presented prelim-

inary results which show that the network learns to align audio and visual features.

However, our results leave room for improvement, for instance, by adding a curricu-

lum for training and data augmentation. The exploration of the usefulness of the

resulting features beyond audio-visual synchronisation remains to be shown.

As a next step, we will use the features obtained by training for audio-visual syn-

chronisation as an initialisation to train for and evaluate visual music transcription.
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To further aid the learning of synchronisation, we will consider using motion infor-

mation more explicitly than just using multiple input frames, by leveraging optical

flow. Furthermore, we will explore spatial attention modules similar to the frame-

work by Arandjelović and Zisserman [2018] which might improve the learnt features.

Taking longer time segments as input might be useful for the network to exploit more

information about the context.

Zhao et al. [2019] have recently shown promising results for coarse sound source

localisation which go beyond cross-modal semantic matching. Similar to other audio-

visual frameworks mentioned above, they employ a curriculum training strategy and

are then able to separate the sounds of the same kind of instruments (e.g. two violins).

Adding another curriculum step to the training would ideally allow us to identify and

separate out sounds being played on the keyboard by individual fingers. However, this

requires very fine-grained attention to the correspondence between pitch and finger

localisation on the keyboard. If we were able to achieve this from self-supervision,

we could directly read off music transcription from the sound localisation because

of the alignment of the piano in our data. This would remove the need to rely on

pseudo-ground truth from audio to train for visual music transcription. However, it is

unclear how to supervise this, since we do not have separate audio and visual data for

individual fingers. Zhao et al. [2019] are able to separate instruments at test time by

learning to separate synthetically mixed separate instruments’ recordings at training

time.
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Chapter 8

Summary and extensions

We conclude by summarising the contributions of the work presented in this thesis

and by discussing closely related recent work that has been published concurrently or

since our publications, some of which builds on our work. Furthermore, we propose

directions for future work.

Self-supervised proxy task: In chapter 3 and chapter 4, we proposed the self-

supervised proxy task of learning to warp one face image into another image from

the same video face track in order to be able to control face generation (X2Face)

and to learn a useful face embedding (FAb-Net). This is done by learning to predict

a per-pixel bilinear sampling location requiring pairs of face images from the same

video face track.

Whilst this self-supervised setup has demonstrated many benefits, it could potentially

be improved by making use of the temporal content and relation between the source

and target frames. Currently, our frameworks rely on pairs of video frames without

exploiting their temporal relation more explicitly. Similar to the framework by Wang

et al. [2019], which makes use of temporal cycle-consistency, we could learn to track

along time by tracking forward and backward. The discrepancy between start and

end points can then serve as a learning signal.

It would be interesting to explore incorporating audio information along with the

visual information in order to learn good class representations. On the other hand,

additionally being able to train on image collections instead of requiring video data

would open new possibilities. Our frameworks are optimised using a photometric

loss; alternatively, using perceptual loss functions that capture more semantic content

could enable training on image collections.
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X2Face: The X2Face setup presented in chapter 3 allows us to control the pose and

expression of a given face by using another face image or modality (i.e. head pose,

or audio) and results in the disentangling of texture and shape. The same network

can be used for lightweight video editing of the face texture by, for instance, adding

glasses.

Several works have built on this framework since it was published. Siarohin et al.

[2019a,b] animate images of objects according to a driving video by incorporating

unsupervised keypoint detection in their framework. The unsupervised keypoints are

used to predict dense motion. Siarohin et al. [2019a] use an U-Net architecture to

generate images and do not rely on a bilinear sampler. Image details that were not

present in the source image can be hallucinated (e.g. teeth that show when smiling or

speaking). Their method, unlike X2Face, generalises to other object classes, such as

humans. Siarohin et al. [2019b] improve this further by representing the transforma-

tion as a set of learnt displacements of unsupervised landmarks with corresponding

local affine transformations. Grigorev et al. [2019] learn to complete texture maps

which enables the generation of new views that are very different from the input view.

Zhou et al. [2019a] learn a GAN model for talking faces that disentangles identity and

speech-specific information by aligning the shared information from the visual and

audio inputs. Training requires word and identity labels; at test time either audio or

visual information can be used to drive the face image generation. However, the head

pose of the input face is not modified when frames are generated (even the ones that

are generated using another video). There have been several other recent methods

that allow the generation of talking heads given input text [Fried et al., 2019; Doukas

et al., 2019], audio [Chen et al., 2019], facial landmarks [Songsri-in and Zafeiriou,

2019], or facial boundary maps [Qian et al., 2019]. Those methods, unlike X2Face,

do not suffer from the problem of identity information from the driving video leaking

through the model to the source identity.

Other recent methods fit a 3D face model to an image which is then used to generate

arbitrary face expressions for the same person [Geng et al., 2019; Pumarola et al.,

2018; Ververas and Zafeiriou, 2019; Kim et al., 2019]. Tripathy et al. [2019] introduce

ICface, a GAN framework which builds on the X2Face setup by adding an adversarial

loss on the synthesised neutral image and the generated image and by using head

pose and facial action unit ground-truth information during training. As a result,

controlling face generation does not require learning additional mappings to annotated

datasets, as is the case for our X2Face framework. As can be seen in figure 8.1, ICface
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Figure 8.1: Comparison of generation results from ICface [Tripathy et al., 2019] and
X2Face taken from Figure 3 in [Tripathy et al., 2019]. ICface better preserves the
identity information during generation than X2Face.

does not have the problem of identity information from the target frame getting

mapped onto the generated frame of a different source identity.

Gu et al. [2019] combine both warping and appearance-based generation of talking

heads with adversarial loss functions in FLNet. Facial landmark information is used

to select diverse expressions in the input source frame set and as input to the network

which learns to warp the source frames. FLNet can generate unseen details (such as

teeth) through an appearance stream (see figure 8.2). It generates much finer unseen

details (such as eyelids and teeth) than the GANimation framework by Pumarola et

al. [2018], which requires fitting a 3D morphable model.

Zakharov et al. [2019] propose another GAN framework that uses facial landmark

information along with multiple frames from the same face track to disentangle pose-

specific information from appearance-based information. In order to generate face

images with new poses and expressions, a target landmark representation is input

into an encoder-decoder network which gets appearance-based information through

adaptive instance normalisation between landmark-specific features and appearance-

based features. While their results seem visually convincing, subtle details that are

not captured in the landmark representation cannot be generated.

One of the main advantages of other, more recent methods for controlling face image

generation seems to result from incorporating adversarial losses to prevent identity

information from leaking from the target image to the source image and to improve

the image quality. It would be interesting to incorporate those findings into the
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Figure 8.2: Comparison of generation results from FLNet [Gu et al., 2019], GANima-
tion [Pumarola et al., 2018] and X2Face taken from Figure 3 in [Gu et al., 2019] using
5 source frames. Unlike X2Face, GANimation and FLNet can generate unseen regions
like teeth, with FLNet giving much more fine-grained details than GANimation.

X2Face framework.

However, whilst the quality of face generation results is impressive, the easy accessi-

bility of such tools also raises concerns regarding their abuse. As a research commu-

nity we should thrive for societal awareness of the existence and capabilities of such

systems. Furthermore, we should aim for the introduction of regulations that will

minimise their misuse.

FAb-Net: In chapter 4, we presented the FAb-Net framework which learns a self-

supervised facial attribute embedding that contains useful information for head pose

estimation, facial landmarks prediction and facial expression estimation. The embed-

ding was trained using our proposed self-supervised proxy task.

Both, our X2Face and FAb-Net frameworks make use of per-pixel bilinear sampling

similar to the Spatial Transformer Networks introduced by Jaderberg et al. [2015] to

generate a target frame. However, bilinear interpolation is a very local operation;

it considers only the four direct pixel neighbours of a selected pixel. This makes it

difficult to learn big transformations. Ideally, the transformation would be determined

by computing a cost volume that models the probability distribution of where each

pixel in the target frame maps to in the source frame. However, a cost volume at

high resolution is expensive to obtain. We introduced a framework [Wiles et al.,

2019] (see appendix A) which builds on the work presented in chapter 4. It uses a

hierarchical upsampling mechanism that has to learn a full cost volume only at a

low resolution. The cost volume at low resolution constrains the predicted sampling
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locations at higher resolutions. Because it is able to model bigger transformations,

this framework can learn better class representations, including for more difficult

classes, such as human bodies and horses. Other recent methods have addressed

the problem of local gradients by improving the sampling mechanism itself. Jiang

et al. [2019] use auxiliary sampling locations around a chosen pixel and obtain the

intensities at those auxiliary locations using bilinear sampling. The estimated point

intensities and coordinates are used to linearly approximate the chosen pixel. These

linear approximations are used as pixel representations in the transformed image

providing bigger context than simple bilinear interpolation.

A concurrent line of work [Jakab et al., 2018, 2019] relies on unsupervised keypoints

discovery as object class representations. This is achieved by factorising appearance

and geometry information through a differentiable bottleneck which produces land-

marks as centres of Gaussians with fixed standard deviation. The recent work by

Jakab et al. [2019] additionally uses a discriminator on the discovered keypoints to

enforce that the resulting skeleton maps (in the case of humans) appear similar to

skeleton maps on a different keypoint annotated dataset.

Another recent framework [Thewlis et al., 2019] improves the unsupervised keypoint

learning method of Thewlis et al. [2017a]. It extends the dense equivariant labelling

by going via a third face image of a different identity to achieve better generalisation

across different face identities.

Li et al. [2019b] also learn a facial action unit representation in a self-supervised way

by disentangling movements into those related to facial expression and those related

to head motion. However, they do not compare on the same datasets as we did in

our FAb-Net work; instead, they re-train our framework and report results on other

datasets which they claim are worse for FAb-Net than using the split-brain proxy task

(contrary to our observations presented in our paper).

Bertasius et al. [2019] build on the FAb-Net architecture in order to propagate sparse

human pose labels across videos. Their PoseWarper network learns to predict the

pose in an unlabelled frame by using the known pose information in another frame and

by learning to relate frames. Two frames are related to one another by considering the

difference of sparse pose heatmaps which can be used at inference time to propagate

labels across times.

The FAb-Net framework gives a low-dimensional embedding that encodes useful in-

formation about facial attributes, as the embedding space is the only part of the

setup where the source and target frames can share information. Possible future

directions include considering denser representations (the FAb-Net embedding is a
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256-dimensional vector) taking inspiration from the recent work by Han et al. [2019].

Furthermore, it would be interesting to combine our proxy task with other proxy tasks

that encourage learning about connected components (e.g. semantics - in the case of

faces, face parts) in the image, such as colourisation. In addition to that, instead

of predicting a warp field and optimising a loss function that compares warped and

ground-truth RGB image pixel values, our framework could be tasked to estimate

optical flow obtained from other (self-supervised) methods.

Visual pitch estimation for violin playing: In chapter 5, we presented a frame-

work for estimating musical notes from videos of violin playing using visual infor-

mation alone. For this, we curated a dataset which consists of monophonic (only

one note sounding at a time) violin videos recorded in constrained conditions, and

YouTube videos of solo violin playing.

Our visual pitch estimation method for violin playing works only for a limited range

of poses. There is a lot of variation in how violin playing videos are recorded and

in how a violinist holds the instrument. However, our current method does not

generalise to extreme poses - it has been trained only on poses where the hands and

instruments are visible in a way that would allow a trained musician to recognise

the played pitch from the visual information. Furthermore, our current framework

can only estimate monophonic music because the audio-based method that generates

the pseudo ground-truth pitch labels does not work for polyphonic music. It would

be interesting to extend our framework to also work in those cases, for instance, by

aligning the video’s audio with the underlying sheet music in order to obtain ground-

truth information. In the case of polyphonic music, visual information could be

especially useful for resolving ambiguities arising when considering audio information

alone.

Another application where visual information might be very useful would be when

incorporating hand pose estimation methods to discover the relevant finger of the

left hand that is producing the sounding note. This would enable the retrieval of

information about the fingering used from videos.

Visual pitch estimation for piano playing: In chapter 6, we presented a frame-

work for estimating note onsets from silent top-view videos of piano playing. Our

estimated note onsets from visual information alone replicate the structure of a music

piece fairly well. However, there are several directions to pursue in order to improve

this.
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Our current framework takes 5 visual frames as input and outputs per-key MIDI

predictions for that temporal segment. However, the network seems to focus on the

visible key presses rather than the motion of the fingers, the latter of which could give

a much more accurate signal about onsets (starts of key presses as opposed to ongoing

key presses). This results in false positive onset predictions. If the network focused

more on the actual finger motion, note predictions for cases where keys are occluded

by the hands (see figure 1.5) could be improved. Furthermore, such an improved

framework could be used to generate MIDI from videos of hand and finger motion on

any background, e.g. a table top. Such a video of playing the piano on a table top

could be pasted onto a keyboard background before inputting it into our network.

Furthermore, our current setup learns from pseudo ground-truth information obtained

from the audio which does not always give reliable information, in particular about

note endings. Curating a dataset with recorded MIDI ground-truth information would

allow us to additionally learn note durations and not only the note onsets.

Another avenue to pursue would be to train on data of a single pianist only, so

that variations arising from different people’s hands and instrument setups would be

minimised. This could result in a model that gives very accurate predictions for the

person and instrument it is trained for.

Furthermore, it would be interesting to lift the constraint on the crop to be directly

from above with the keyboard being fully visible. This could be done by, firstly,

allowing for different crops of the keyboard, and, secondly, by making the method

useful for a broader variety of viewpoints (such as side views). The same method

could be extended to be used with other keyboard-like instruments which have a

similar setup as the piano, such as the harpsichord, organ, or the marimba.
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Appendix A

Self-supervised learning of class
embeddings from video

This work was presented as a poster at the ICCV workshop on Compact and Efficient

Feature Representation and Learning in Computer Vision, 2019.

In this paper, we build on the FAb-Net architecture by introducing a hierarchical

upsampling mechanism that allows to model bigger transformations. This frame-

work enables us to not only improve the learnt face embedding, but it can also be

trained on human bodies and animals and it gives convincing class representations

for those.
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Abstract

This work explores how to use self-supervised learning on
videos to learn a class-specific image embedding that en-
codes pose and shape information. At train time, two frames
of the same video of an object class (e.g. human upper
body) are extracted and each encoded to an embedding.
Conditioned on these embeddings, the decoder network is
tasked to transform one frame into another. To successfully
perform long range transformations (e.g. a wrist lowered
in one image should be mapped to the same wrist raised
in another), we introduce a hierarchical probabilistic net-
work decoder model. Once trained, the embedding can
be used for a variety of downstream tasks and domains.
We demonstrate our approach quantitatively on three dis-
tinct deformable object classes – human full bodies, upper
bodies, faces – and show experimentally that the learned
embeddings do indeed generalise. They achieve state-of-
the-art performance in comparison to other self-supervised
methods trained on the same datasets, and approach the
performance of fully supervised methods.

1. Introduction
How much information is needed to learn a representa-

tion of an object class? Do we require separate representa-
tions for different aspects: e.g. one representation for 3D,
another for pose, another for 2D landmarks? We investigate
how to learn a single representation for a given object class
that encodes multiple properties in a self-supervised man-
ner. This representation can be used for further downstream
tasks and domains with minimal additional effort.

We learn this representation – which we call an image
embedding – in a self-supervised manner from a large col-
lection of videos of that object class (e.g. human upper bod-
ies, or talking heads). The principal assumption is that of
temporal coherence – that frames of the video contain the
object class, but no additional prior auxiliary information is
required.

In order to learn the image embedding from a video
dataset, the following proxy task is used. Given two frames

Figure 1. The aim of this work is to obtain a class-specific im-
age embedding by self-supervised learning on a large collection
of videos. The learned embedding can then be used for a variety
of downstream tasks and datasets.

from the same video, their image embeddings are used to
warp one of the frames into the other.

We want to model long range dependencies at high res-
olutions, for example large hand movements. In order to
do this, we instantiate the warp probabilistically – for every
pixel in one frame, we would like to predict the probability
that that pixel corresponds to every other pixel in the other
frame. Doing this naively is computationally prohibitive
above a small (e.g. 32× 32) resolution.

As a result, we use a hierarchical approach to perform
this operation. The model first learns the probabilities at a
low resolution, before refining the probabilities at succes-
sive layers while conditioning on the lower resolution pre-
dictions. While solving the proxy task at a small resolution
may seem trivial, in fact low resolution images encode im-
portant salient information such as spatial layout and con-
text [46]. This approach is inspired by the classical (i.e. pre
deep learning) multi-resolution methods employed for opti-
cal flow and stereo matching [1, 4, 26, 29].

The embedding, trained using only pairs of video frames,
is then used for the tasks of predicting landmarks and their
visibility on a variety of datasets which may differ substan-
tially from the initial dataset. Our paradigm is useful in
applications, as it requires only one large network per class
and one additional small network per down stream task.

In summary, our contributions are as follows.

1. A self-supervised class embedding (Section 3) that can
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model complex large movements, e.g. the movement
of arms or hands.

2. A hierarchical probabilistic network that allows us to
estimate the probability that a given pixel in a given
frame matches each pixel in another frame of the same
video for high resolution images.

3. Two additional losses for learning this embedding. The
confidence loss (Section 3.2) allows the model to ex-
press what portions of the target image can be reliably
predicted from the source and what portions cannot.
The cyclic loss (Section 3.3) enforces that the model
does not degenerate into a trivial solution.

4. We demonstrate that the method learns a useful rep-
resentation that can be used for downstream tasks on
the same or different domains for a variety of object
classes. Our method achieves state-of-the-art perfor-
mance in comparison to other self-supervised methods
trained on the same datasets. Finally, we show qualita-
tive examples of using our approach for a non-human
class, that of horses.

2. Related work
Here, we focus on self-supervised learning from video.

We also cover class specific modelling, where a model of
the object is extracted using auxiliary information and then
applied to novel images.

Self-supervised learning on video collections. Learning
from video [2, 10, 15, 17, 21, 22, 30, 31, 35, 40, 42, 47,
52, 62, 64] is a powerful paradigm, as unlike with image
collections, there is additional temporal and sequential in-
formation. The aim of self-supervised learning from video
can be to learn to predict future frames [47], or to learn
to predict depth [12, 14, 62]. However, we are interested in
learning a set of useful features (e.g. frame representations).

One approach is to use the temporal ordering or co-
herence as a proxy loss in order to learn the representa-
tion [10, 17, 22, 24, 30, 31, 49, 52, 64]. Other approaches
use egomotion [2, 21] in order to enforce equivariance in
feature space [21]. In contrast, [23] predicts the transfor-
mation applied to a spatio-temporal block. Instead of en-
forcing constraints on the features, one can learn features
using a generative task of future or input frame predic-
tion [15, 40, 42]. Another approach is to use colourisation
to learn features and to track objects [48].

Unlike these works, our focus is to learn a feature repre-
sentation for a specific class, which can be used to predict
class-specific attributes. Most similar to our method is [53]
which uses video to learn a representation of faces. How-
ever, they do not consider other object classes.

Self-supervised learning of landmarks. Instead of using
proxy tasks to learn useful features, another line of self-
supervised learning is to explicitly learn a set of landmarks.
This can be done by conditioning image generation on the
image landmarks [19, 60]. Another approach is to recover
object structure by enforcing equivariance to image trans-
formations [43, 44].

3. A self-supervised representation
This section introduces our self-supervised model and

architecture (Fig. 2). The model is trained for the proxy task
of transforming one frame into another frame in a hierarchi-
cal manner (Section 3.1). We allow the model to express un-
certainty (Section 3.2) and use additional cyclic constraints
(Section 3.3) to stop the learned transformation from degen-
erating. This gives the final training objective. We introduce
the framework for the case of human upper bodies, but the
same framework is used for the other classes considered in
this paper (full human body, talking faces, horses).

3.1. Proxy task to train the network: Modelling the
transformation between images

A source frame IS and a target frame IT are randomly
selected from the same video. The proxy task to train the
model consists of learning how to warp the source frame
IS into the target frame IT . Both frames are mapped, us-
ing a convolutional encoder with shared weights, to image
embeddings eS and eT respectively.

Conditioned on these embeddings, the model predicts
the probability of a pixel in the generated frame IG match-
ing each pixel in IS . These probabilities are used to gen-
erate the colour of a pixel by taking the weighted average.
To introduce our notation, let ISkl

and ITij
be the colours

for pixel locations (k, l) and (i, j) in the source and target
frame respectively. The network predicts the colour in the
generated frame IG at pixel location (i, j) as a linear com-
bination of pixels in the source frame

IGij
=

∑

k,l

Aij,klISkl
, (1)

where Aij,kl is the probability that a pixel ITij
in the target

frame matches a pixel ISkl
in the source frame. We explic-

itly predict the match similarity Mij,kl between a pixel ISkl

and ITij
and normalise the Mij,kl to give Aij,kl (see Eqs.

(3)-(5)). IG should match the target frame IT (Fig. 2a),
which we enforce using a photometric L1 loss

Lph = |IG − IT |1. (2)

While using the naive weighted sum works for smaller
resolution images, for larger images this becomes compu-
tationally prohibitive. To deal with this problem, we in-
troduce our hierarchical approach (Fig. 2b). Learning in a



Figure 2. An overview of the approach. (a) The proxy task used to train the model. Given a source frame IS and a target frame IT , our
model learns a mapping Ar to warp the source frame into a generated frame IG. IG should match IT . (b) The model in more detail.
The two frames are mapped to embeddings eS , eT . Conditioned on these embeddings, the model predicts the warp at an initial resolution
R1 = (32 × 32) as well as a confidence σ1 for each pixel. These predictions are then refined at successively higher resolutions. (c)
Illustration of how the predicted Mr at each resolution Rr are used to determine the warp Ar .

hierarchical manner has been found to be useful in a num-
ber of tasks [9, 27, 28, 50, 51]. In our case, the network
learns to determine roughly how to transform points (e.g.
bigger parts of the image, like the arms) at a low resolution
(M1 at level 1). This transformation is refined progressively
at higher resolutions (Mr at level r). At these higher lev-
els, the network can learn to focus on the details (e.g. the
placement of the wrists). This can be regarded as a form of
curriculum learning [3] where the decoder is progressively
expanded in levels which increase the resolution of the gen-
erated image.

Probabilistic prediction at a low resolution (Training
level 1). At the lowest resolution, R1 = (W1 × W1) =
(32 × 32), we explicitly predict the probability M1

ij,kl that
each point (k, l) in the source frame matches each point
(i, j) in the target frame. We then take the weighted av-
erage to obtain the probability distribution A1

ij,kl:

A1
ij,kl = exp(M1

ij,kl)/
∑

m,n

exp(M1
ij,mn). (3)

Using the computed probability distribution, we obtain the
generated frame (Eq. (1)).

Refining the prediction at a higher resolution (Train-
ing level r.) Given the generated frame Ir−1G at resolution
Rr−1, we seek to refine Ir−1G to obtain IrG at a higher resolu-
tion Rr. For a given location (i, j), the highest A1

ij,kl give
the most likely locations that (i, j) points to in the source
frame. We will use this to limit the locations we consider at
the higher resolution (see Fig. 2c).

In a traditional CNN, as we decode, we would have to
keep track of the probabilities for a pixel (i, j) matching

every pixel (k, l) in the source frame at that resolution. So
doubling the resolution of the generated image at each layer
requires quadrupling the number of predicted probabilities.
Our insight is that keeping track of all of these probabilities
is unnecessary. For a given pixel (i, j), we can throw away
the unlikely matches at lower resolutions (effectively set-
ting them to 0) while keeping track of the top K matches.
Then when we double the resolution at the next layer, we
only need to predict 4K values (if the width and height of
the generated image has doubled, then one pixel at the lower
level corresponds to four pixels at the higher level as illus-
trated in Fig. 2 c)). Instead of using these predicted 4K
values as raw probabilities we use them to re-weight the
probabilities predicted at the lower resolution to make the
process differentiable. This leads to a sparser representa-
tion that grows quadratically.

The M -branch decoder is used to obtain the 4K values
Mr. These are multiplied by the probabilities at the lower
resolution and a softmax normalisation is performed to ob-
tain the final probability distribution Ar:

Pr
ij,kl = Ar−1

b i
2 cb

j
2 c,b k2 cb l

2 c
Mr

ij,kl (4)

Ar
ij,kl = exp(Pr

ij,kl)/
∑

m,n

exp(Pr
ij,mn). (5)

Discussion. Our aim is to compute a cost volume that mod-
els the probability distribution of where a pixel in the target
frame maps to in the source frame. [11] introduced using a
cost volume in a deep learning framework for optical flow
by computing the similarity between features. This idea has
been leveraged in many recent works [45, 48]. However,
naively comparing features at a W ×W resolution requires
computingW 4 values which quickly becomes prohibitively



large. As a result these methods are forced to use a small
cost volume or a tiny batch size.

The grid sampler introduced in [18] provided another
way to model the transformation between images by ex-
plicitly learning the warp field. This was used effectively
by [53] in order to learn meaningful embeddings for faces.
However, gradients only occur in the local neighbourhood
of a point. As a result if the point needs to travel a large dis-
tance between images and there is no smooth colour tran-
sition (as is common in most images), then these gradients
will be useless and the model will fail to learn.

Our hierarchical approach gives a way to address the lim-
itation of both approaches. We can grow the cost volume
to image resolutions of the same size as the original image
with minimal overhead. We additionally do not suffer from
the problem of local gradients. Finally, the hierarchical ap-
proach enforces the spatial constraint – that pixels in a local
neighbourhood move together.

3.2. Modelling occlusion and background

When modelling the transformation between frames it is
possible for part of an object to become occluded (e.g. the
hand moving in front of the face) or un-occluded. Addi-
tionally, there may be parts of the scene that are not visible
in the previous frame (e.g. for the signing videos the back-
ground is a video itself and constantly changing).

To allow the model to express uncertainty due to these
challenges, we use an additional decoder which explicitly
models the confidence σr at resolution Rr for the trans-
formation at each location in IG. Following [33], we as-
sume that the pixel-wise confidence measure is Laplace dis-
tributed and use it to reweight the photometric loss Lr

ph at
each pixel:

Lr
con =

∑

i,j

− ln

√
2

2σr
ij

exp(−
√
2|IGij

− ITij
|1

σr
ij

). (6)

3.3. Dealing with multiple modes

One of the degeneracies that can occur when using the
probabilistic approach is a non-injective mapping due to
multiple colour modes (e.g. the three skin regions – two
hands and the head). For example, a point on the left hand
can be mapped to either hand or the head; the model is
not forced to choose correctly between them. In practice,
the model cheats and maps all these modes to the one that
moves the least (the head).

The key idea here is to use a cyclic loss [41, 63] and
normalisation to enforce uniqueness in order to avoid this
problem. If pixels are transformed from I1S to I1T and back
to I1S , then they should end up at their original location. If
they do not, then it means multiple points in one image are
mapped to the same point in another.

The cyclic loss enforces that pixels should return to their
original location. It is formulated as the log likelihood of
the expectation that a point in the source frame will end up
back at the same point at level 1 of the hierarchical model,

Lcyc =

∑
kl− ln(

∑
ij(A

1
kl,ijA

1
ij,kl))

W1W1
. (7)

The loss is minimised when each pixel (k, l) in the
source frame maps with probability 1 to a point in the
target frame and that same point in the target maps with
probability 1 to the original point in the source, i.e. when
A1

ij,kl = A1
kl,ij = 1.

To enforce uniqueness of the pixel transformation (e.g.
that not all points in the source frame are mapped to the
same point in the target), we perform a normalisation step
before applying the cyclic loss. Points that map to many
others in either the source or the target frame are down-
weighted to give A1

ij,kl:

A1
ij,kl = min(

A1
ij,kl∑

m,n A
1
mn,kl

,
A1

ij,kl∑
m,n A

1
ij,mn

). (8)

The matches that still have a high probability are unique in
both target and source, as required.

4. Architecture and training
All self-supervised models are trained using 3 levels with

the lowest resolution R1 = (32 × 32) which is increased
to resolution R3 = (128 × 128) (as we found additional
levels led to marginal improvements). They are trained with
K = 9, λ = 1, a learning rate of 0.001 and the Adam
optimizer [25]. When sampling frame pairs from the video,
we sample within a distance of 50 frames from the initial
frame for upper body and horses, 20 frames for full human
body and the whole face track for faces.
Architecture. We use a convolutional architecture similar
to that of [53]. A 256× 256 image is passed through 8 con-
volutional layers (interleaved with leaky ReLUs and batch-
normalization) to give a 256D embedding. The confidence
and M -decoder branches have the same structure but dif-
ferent weights. The concatenated embeddings are passed
through 7 upsampling layers (composed of a ReLU, bilinear
upsampler, convolution and batch-norm) to give a 128×128
resolution result. The intermediary outputs (e.g. Mr, σr)
are obtained by taking the feature map of resolution Rr and
performing a 5 × 5 convolution to compress the number of
channels.
Curriculum training strategy. The final training objective
is the sum of the confidence loss at all layers and the cyclic
loss weighted by a hyperparameter λ, L =

∑
i Lr

con +
λLcyc.

These losses are trained in a curriculum strategy. As
the predictions of the higher layers depend on those of the



lower layers, we train the lower layers to a good local min-
imum before training the higher layers. We start at the low-
est resolution R1 and incorporate new layers when the loss
plateaus. The model can first learn a rough estimation of
how to transform the source frame into the target before it-
eratively refining at successively higher resolutions.

5. Experiments
We apply the learning framework of Section 3 to three

distinct human object classes – upper bodies, faces, and full
human bodies – to demonstrate its utility by modelling a va-
riety of classes with different challenges. In addition to that,
we show that our framework is useful for other, non-human
object classes by presenting qualitative results for horses.
The question we are seeking to answer here is whether the
embedding that we learn from a large set of videos for each
object class has encoded useful information about pose and
shape of the object.
Downstream learning setup. Given an embedding learnt
using self-supervision on one of the large video datasets,
a regressor is trained to map this embedding to the down-
stream task (e.g. landmark prediction). This regressor is
trained and then evaluated on the given train and test sets
of the given dataset. For the regressor we consider a lin-
ear layer or a multi-layer perceptron containing two lay-
ers. While our embedding should learn about pose and ex-
pression, there is no reason to expect that the explicit land-
marks should be linearly related to the embedding (this is
unlike [19], which explicitly encode landmarks in their la-
tent representation). Note that we are not training our en-
coder/embedding but only this regressor.
Training datasets. The upper body embedding is trained
on the Extended BBC Pose dataset [5, 37] of people signing.
The face embedding is trained on the VoxCeleb2 dataset [7]
consisting of faces of people being interviewed. The full
body embedding is trained on the Penn Action dataset [59]
of people performing sporting actions. The horse embed-
ding is trained on the horse subset of the TigDog dataset [8].
As our task is not to perform the detection but to learn a rep-
resentation of the object class, we use the crops provided by
the dataset or, if this is not available, a rough crop based on
the provided information.
Baselines. We compare to two baselines. The first is us-
ing our encoder with random weights; this baseline shows
how well our self-supervised training improves over ran-
dom initialisation. The second baseline is [53] which uses
a similar proxy task and capacity but a different loss func-
tion/architecture to learn the image embedding and a bilin-
ear sampling for the transformation. They do not use a hi-
erarchical approach or confidence predictions. We retrain
[53] on upper body pose and fully body pose datasets using
the authors’ code provided online.
Other methods. We also report the results of other self-

supervised and supervised methods on these datasets. These
approaches vary in terms of how they pre-process their
training data and assumptions made about the downstream
task. We give these numbers to benchmark our approach
against recent progress but note that these setups are not
precisely the same.

5.1. Predicting landmarks

We consider the downstream task of predicting land-
marks from our learnt embedding.
Evaluation metric. In order to evaluate the landmarks on
upper body and full human body, we use the PCK metric
[57]. This metric reports the percentage of correct key-
points within a normalised distance of the ground truth. The
normalised distance depends on the dataset. In the case of
BBC Pose, we use d = 6 pixels as is customary on this
dataset. For FLIC we use a threshold of 0.2α where α is
the torso diameter [38]. For Penn Action we use a threshold
of 0.2max(sw, sh) where sw, sh are the width and height
of the bounding box. For faces, we report the root mean
squared error normalised by the interocular distance.

5.1.1 Upper body

We use the embedding trained on the BBC Pose dataset to
predict upper body landmarks on the same dataset and on
the FLIC dataset [38]. Quantitative results are discussed
below, and qualitative results are shown in Fig. 3.

BBC Pose. The results on BBC Pose are given in Table 1.
We first ablate our approach, demonstrating the utility of
predicting confidences, and of using the cyclic loss Lcyc.
Each addition improves the average results and the results
on the most challenging joint, the wrists. Using three levels
as opposed to one improves performance, demonstrating the
utility of the hierarchical approach.

In comparison to other self-supervised methods, our ap-
proach exhibits strong performance. It performs better than
the baseline methods and [19], which was engineered to ex-
tract landmarks. [53] fails on this dataset due to the problem
of local gradients – the movement between frames (e.g. of
the hand) during training is too large, and it degenerates to
predicting the identity transformation. Our approach is also
better or competitive with most of the supervised methods.
Clearly our embedding has indeed learned a semantically
meaningful representation.

FLIC. Given that our approach outperforms the state-of-
the-art on the BBC Pose dataset, we consider how well the
embedding generalises to a new domain, the FLIC dataset,
which consists of the upper body of people in film. The
background and people are very different from the BBC



(a) BBC. Filled dots are GT, empty predictions.

(b) FLIC. Predicted poses.

Figure 3. Qualitative results on the upper body pose datasets. More examples are given in the supplementary material.

Table 1. Upper body landmark prediction on BBC Pose. Results
reported are the PCK for d < 6. Higher is better. † denotes train-
ing with Extended BBC Pose, else with BBC Pose. The column
Loss specifies the training losses used, Lph(ph),Lcyc (cyc) and
Lr

con (con). r denotes the level/resolution at which training is
stopped. r = 1 corresponds to a generated image of size 32× 32,
r = 3 to a generated image of size 128× 128.

Method Loss Rg. Hd Wrt Elb Shldr Avg

Ours
r=1† ph,cyc,con lin 93.7 35.8 72.3 81.6 67.7
r=1† ph,cyc,con 2 lr 94.2 51.2 78.7 82.4 74.1

r=3 ph,cyc,con lin 98.0 30.7 78.9 71.3 65.6
r=3 ph,cyc,con 2 lr 96.5 41.0 82.4 73.2 69.9
r=3† ph 2 lr 94.3 54.1 79.1 83.2 75.3
r=3† ph,con 2 lr 96.0 58.3 83.5 83.7 78.1
r=3† ph,cyc,con 2 lr 96.8 62.1 82.1 82.8 78.7

Self-supervised
FAb-Net [53]† 2 lr 73.8 21.8 64.7 61. 52.9
Rand. init† 2 lr 73.2 23.2 64.5 54.7 51.1
Jakab et al. [19] lin 81.1 49.1 53.1 70.1 60.7

Supervised
Yang and Ramanan [56] 63.4 53.7 49.2 46.1 51.6
Pfister et al. [37] 74.9 53.1 46.0 71.4 59.4
Chen and Yuille [6] 65.9 47.9 66.5 76.8 64.1
Charles et al. [5] 95.4 73.9 68.7 90.3 79.9
Pfister et al. [36] 98.0 88.5 77.1 93.5 88.0

Pose dataset. As can be seen in Table 2, our approach gener-
alises well to this new domain, achieving high performance.
Again, using three levels as opposed to one improves per-
formance.

5.1.2 Faces

The second class we consider is faces. As this model is
trained on VoxCeleb2, which has no annotated keypoints,
we test the learned embedding by predicting landmarks on
a variety of other datasets. This additionally tests the em-
bedding’s generalisability.

Our embedding is used to regress landmarks on the
AFLW, 300-W, and MAFL datasets and results are reported

Table 2. Upper body landmark prediction at PCK0.2 (as defined
in [32]) on FLIC using the embedding trained on Extended BBC
Pose. Higher is better. †The entire model is fine-tuned on the FLIC
dataset, whereas we regress only two layers from the embedding.

Method Rg. Hd Shldr Elb Wrt Avg

Ours
r=1 2 lr 94.2 95.7 82.5 62.6 82.3
r=3 2 lr 97.2 97.1 84.8 65.2 84.5

Self-supervised
Random init 2 lr 85.5 90.9 77.9 65.1 79.0
S&L [30]† 98.1 93.8 87.1 69.7 86.2

Supervised
Newell et al. [32] – – 99.0 97.0 –

in Table 3. For AFLW, we report results on the 5-always
visible landmarks (AFLW5) as well as for all 21 landmarks
(AFLW21). Qualitative results are shown in Fig. 4.

Our approach performs better than the baseline methods
and other methods designed for predicting landmarks when
trained with similar data. Our method even performs better
than full frameworks trained (self-supervised or supervised)
on the given dataset.

5.1.3 Full body

Finally, we test our method on full bodies using the Penn
Action dataset [59]. The person may be seen from the
front or back and performing a large variety of deforma-
tions which results in an extremely challenging dataset.

We use the learned embedding to regress landmarks.
Quantitative results are reported in Table 4 and qualitative
results in Fig. 5. We perform better than the baselines,
and approach the performance of methods trained with deep
learning on this dataset. Similarly to upper bodies, [53] de-
generates to predicting the identity transformation, demon-
strating the effectiveness of our method.



(a) MAFL. Crosses are predictions, dots GT.

(b) 300W. Blue is GT, green predictions.

(c) AFLW5. Crosses are predictions, dots GT.

Figure 4. Qualitative results on the face datasets. More examples
are given in the supplementary material.

Table 3. Face landmark prediction error on the 300-W and MAFL,
AFLW datasets. Lower is better. † denotes trained on VoxCeleb
1/2, ‡ on VoxCeleb 1. Note that MAFL is a subset of CelebA and
models trained on CelebA are fine-tuned on AFLW when reporting
results on this dataset. Our embedding is never fine-tuned on these
datasets; only the regressor is trained.

Method Regr. 300-W MAFL AFLW5 AFLW21

Self-supervised

Trained on VoxCeleb2
Ours
r=3 lin 4.93 3.21 6.73 7.16
r=1 2 lr 5.42 3.55 7.30 7.84
r=3 2 lr 4.70 2.98 6.64 7.28

FAb-Net [53]† lin 5.71 3.44 7.52 8.08
Jakab et al. [19]‡ lin – 3.63 6.75 –
Jakab et al. [20]‡ lin 5.37 – – –

Trained on CelebA
Jakab et al. [19] lin – 2.54 6.33 –
Zhang et al. [60] lin – 3.16 6.58 –
Thewlis et al. [44] lin 9.30 6.67 10.53 –
Thewlis et al. [43] lin 7.97 5.83 8.80 –

Supervised
MTCNN [61] – 5.39 6.90 –
TCDCN [58] 5.54 – 7.65 –
RAR [54] 4.94 – 7.23 –

5.1.4 Non-human object classes: horses

A big advantage of our self-supervised framework is that we
can get embeddings for any object class, provided we have
video data to train with. To show this, we obtain a horse
embedding by training on the horse subset of the TigDog
dataset. We train a 2-layer regressor from the embedding
to the provided keypoints. Example results can be seen in

Figure 5. Full body 2D landmarks results on the Penn Action
dataset.

Table 4. Full body landmark prediction at PCK0.2 (as defined in
[39]) on rhe Penn Action dataset. Higher is better.

Method Regr. Hd Shldr Elb Wrt Hip Knee Ankl Mean

Ours
r=1 2 lr 80.7 76.4 66.3 54.2 79.3 76.3 76.5 72.6
r=3 2 lr 83.0 78.8 71.0 58.3 80.9 78.6 76.9 75.1

Self-supervised
FAb-Net [53] 2 lr 69.3 59.1 50.2 34.0 68.8 62.2 57.5 56.4
Random init 2 lr 70.5 60.4 50.4 35.1 70.9 63.5 53.9 56.8

Supervised
Park and Ramanan [34] 62.8 52.0 32.3 23.3 53.3 50.2 43.0 45.3
Nie et al. [55] 64.2 55.4 33.8 24.4 56.4 54.1 48.0 48.0
Iqbal et al. [16] 89.1 86.4 73.9 72.0 85.3 79.0 80.3 81.1
Gkioxari et al. [13] 95.6 93.8 90.4 90.7 91.8 90.8 91.5 91.8
Song et al. [39] 97.6 96.8 95.2 95.1 97.0 96.8 96.9 96.4

Fig. 6, more results are shown in the supplementary mate-
rial.

Figure 6. 2D landmarks results on horses from the TigDog dataset.

5.2. Predicting visibility

While we have extensively investigated and demon-
strated the high quality of the learned embedding by using
it to regress landmarks, here we investigate whether the em-
bedding has learned something beyond landmarks. In par-
ticular, we consider whether our embedding can be used
to predict whether a landmark is or is not visible. Self-
supervised methods for detecting landmarks, such as [19]
cannot perform this task, as they explicitly use the land-
marks in their representation.

Both the Penn Action and AFLW datasets have visibil-
ity annotations. We train a 2-layer multi-layer perceptron
from the embedding to predict visibility for each landmark
using a binary-cross entropy loss. We compute the area un-
der the curve (AUC) and average over each landmark. For
AFLW, we obtain 89.0 AUC and for Penn Action 77.4 AUC.
A network with random initialisation achieves 63.3 AUC
for PennAction and 76.6 for AFLW. This demonstrates that
our method has learned something beyond just 2D position-
ing.



6. Conclusion

We have introduced a novel method for learning an em-
bedding which encodes high-fidelity 2D landmarks using
self-supervision on video. Because our method is self-
supervised, we can incorporate an unlimited amount of data
from varied domains to improve the learned embedding and
only use a small set of training data in order to learn the
mapping from the embedding to downstream tasks or do-
mains. We explore further in the supplementary material
how the downstream performance varies with the size of
this downstream training set. We have demonstrated the
method for four distinct deformable or articulated classes,
but it is equally applicable to rigid classes (e.g. cars).

There are many interesting future directions. The em-
bedding can be learnt for more animal classes and used for
other downstream tasks. Also, the embedding could be ex-
tended to incorporate the temporal component implicit in
the video in order to summarise multiple frames.
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V. Pătrăucean, A. Handa, and R. Cipolla. Spatio-temporal video autoencoder with

differentiable memory. In NeurIPS, 2016.

A. Pumarola, A. Agudo, A. M. Martinez, A. Sanfeliu, and F. Moreno-Noguer. Gani-

mation: Anatomically-aware facial animation from a single image. In Proc. ECCV,

2018.

S. Qian, K.-Y. Lin, W. Wu, Y. Liu, Q. Wang, F. Shen, C. Qian, and R. He. Make a

face: Towards arbitrary high fidelity face manipulation. In Proc. ICCV, 2019.

S. Rho, J.-I. Hwang, and J. Kim. Automatic piano tutoring system using consumer-

level depth camera. In International Conference on Consumer Electronics (ICCE).

IEEE, 2014.

O. Ronneberger, P. Fischer, and T. Brox. U-net: Convolutional networks for biomed-

ical image segmentation. In Proc. MICCAI, 2015.

A. Rouditchenko, H. Zhao, C. Gan, J. McDermott, and A. Torralba. Self-supervised

audio-visual co-segmentation. In Proc. ICASSP, 2019.

117



A. Senocak, T.-H. Oh, J. Kim, M.-H. Yang, and I. So Kweon. Learning to localize

sound source in visual scenes. In Proc. CVPR, 2018.

E. Shlizerman, L. Dery, H. Schoen, and I. Kemelmacher-Shlizerman. Audio to body

dynamics. In Proc. CVPR, 2018.

A. Siarohin, S. Lathuilière, S. Tulyakov, E. Ricci, and N. Sebe. Animating arbitrary

objects via deep motion transfer. In Proc. CVPR, 2019.

A. Siarohin, S. Lathuilière, S. Tulyakov, E. Ricci, and N. Sebe. First order motion

model for image animation. In NeurIPS, 2019.

K. Songsri-in and S. Zafeiriou. Face video generation from a single image and land-

marks. arXiv preprint arXiv:1904.11521, 2019.

N. Srivastava, E. Mansimov, and R. Salakhudinov. Unsupervised learning of video

representations using lstms. In Proc. ICML, 2015.

W. H. Sumby and I. Pollack. Visual contribution to speech intelligibility in noise.

The Journal of the Acoustical Society of America, 26(2):212–215, 1954.

Q. Summerfield. Use of visual information for phonetic perception. Phonetica, 36(4-

5):314–331, 1979.

P. Suteparuk. Detection of piano keys pressed in video. Dept. of Comput. Sci.,

Stanford Univ., Stanford, CA, USA, Tech. Rep, 2014.
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