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Abstract
This thesis will present a number of investigations into how machine learning systems,

in particular artificial neural networks, function in changing domains. In the standard

machine learning paradigm a model is evaluated on held out (test) data from the same

dataset the model is trained on. That is, across training and test splits, the data is

independent and identically distributed. However, in many situations, after a model is

trained we encounter related but different data (out of distribution) on which we hope

to use our model. This thesis is concerned with methods for how we can adapt our

model to work well on such new data and additionally considers the restriction that

very often there may not be large amounts of data to adapt on.

In the first part of the thesis we examine a challenging application situation in real-

time animation systems. We focus on changing styles of human locomotion, build-

ing systems that can model multiple styles at once and rapidly adapt to new styles.

By augmenting state of the art systems with style modulating residual adaptation or

feature-wise linear modulation we are able to model large numbers of styles at high

levels of detail. We also make contributions to the general modelling of locomotion

with the creation of contact-free local phase labelling.

In the second part of the thesis we examine the problem in more controlled settings.

We present a technique for general adaptation in situations where the change in domain

is caused by a change in measurement system and the original training data is not

available (source-free). By aligning activation distributions, and training in a bottom-

up manner, we achieve improvements in accuracy, calibration and data efficiency over

existing techniques. We additionally analyse the effects of changing domains at the

unit (or neuron) level, showing how changes in individual unit’s activation distributions

can reveal network structure and may be able to give us cues for faster adaptation via

improved credit assignment.

In summary we highlight the importance of few-shot adaptation in multiple different

settings and show how different techniques can be used productively to solve prob-

lems in these areas and provide inspiration for the next generation of machine learning

models that should be able to learn continually from small amounts of data.
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Chapter 1

Introduction

There remains a large gap between the performance and behaviours of current deep

learning systems and the abilities shown by biological systems. In particular, in the

ability to continually learn rapidly from small amounts of data. This thesis details a

number of investigations in adapting learned arti�cial neural network models to new

data distributions where only a small number of samples may be available.

1.1 Thesis Overview

The standard machine learning paradigm assumes one �xed data distribution which is

split into training, validation and testing sets (Murphy, 2012, Chapter 1). In particular

we assume that data is independent and identically distributed (i.i.d.) across sets. In

real applications a machine learning model will often be developed using some col-

lected and curated dataset and then deployed into production where the task remains

the same but the data distribution may change. In this case, the model will receive

samples that are out of distribution (o.o.d.).

After model deployment a change in data distribution can occur for any number of

reasons (Quionero-Candela et al., 2009) and will, in all likelihood, reduce model per-

formance. In this situation we have three options open to us: do nothing; retrain the

model from scratch, or adapt on data from the new distribution. Doing nothing is

equivalent to assuming the data is i.i.d. and hoping the drop in performance is not too

severe. Retraining the model from scratch can be a valid solution although this may

require expensive collection of data, long training times and fails to make use of the

1



Chapter 1. Introduction 2

learning performed on the training data distribution. Therefore, the most elegant solu-

tion, and the solution we focus on in this thesis, is to adapt on data from the new data

distribution. By adapting the trained model we aim to transfer learned knowledge and

use this to increase data ef�ciency and reduce training times.

So, we know we want to adapt trained models, but what does good adaptation look

like? Given that we may not have a lot of data from the new data distribution, i.e.

the few-shot scenario, we work under the assumption that good adaptation will often

involve changing few model parameters. When we have limited data we must take

great care to avoid over�tting so aim to reduce the model's capacity by reducing the

number of trainable parameters. This is motivated by the intuition that models with

high capacity are more prone to over�tting (Goodfellow et al., 2016, Chapter 5). Fur-

thermore, taking a connectionist viewpoint, all learned knowledge in a neural network

is stored in the connection weights. If we reduce the number of parameters that need

to be adapted, we increase the number of connection weights that remain constant,

maintaining more learned structure about the task we wish to solve.

This thesis is titledFew-Shot Learning in Changing Domainsand throughout we inves-

tigate problem scenarios where we wish for models to well handle data from different

probability distributions. Very often we will additionally consider the low-data sce-

nario. Whilst biological systems demonstrate abilities to adapt quickly to unseen data

samples (Hiratani and Latham, 2020), deep neural networks do not generalise in the

same way (Geirhos et al., 2019a). However, the gap in behavioural performance has

been dropping during the years of this thesis' development (Geirhos et al., 2021).

1.2 Thesis Outline

All work herein concerns changing data distributions. Still, the content of this thesis

can be broadly divided into two parts. We begin the thesis by outlining a theoretical

background that justi�es our approaches in Chapter 2. We give a formal de�nition of

domain shift and demonstrate how this links with notions of style and content.

Part I (Chapter 3). We concern ourselves �rst with practical applications of models

that can handle data from multiple domains. In particular, style modelling in neural

animation synthesis systems. Such systems are designed for generating realistic user

controlled animations and have applications in various areas of computer graphics.

In Part I we create large datasets containing multiple styles of humanoid locomotion
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data. By considering this data in terms of style and content factors we aim to learn

content invariant parameters, shared across all styles, and separate style (or domain)

speci�c parameters. We show that this approach allows us to ef�ciently model arbitrary

numbers of locomotion styles in high quality. By reducing the capacity of style speci�c

modelling, by reducing the number of style speci�c parameters and increasing other

forms of regularisation, we can examine the learning of new styles with limited data.

Finally, we consider existing approaches for animation style modelling applications

and provide engineering adjustments to achieve improved qualitative performance.

Part II (Chapters 4 & 5). In the second part of the thesis we turn to more fundamen-

tal approaches. In particular, we focus on adapting to a tightly de�ned set of possible

changes in data distribution, and analyse approaches for adapting to such changes using

carefully designed datasets. We begin in the source-free domain adaptation scenario

where the original data used to train a model is not accessible but we still wish to adapt

to a change in data distribution. We compare methods that work to make predictions

more con�dent on the new data with methods that attempt to align the latent feature

distributions between the original training data and the new deployment data. We show

that by �exibly parameterising marginal feature distributions we can achieve improve-

ments over existing methods in terms of accuracy, calibration, and data ef�ciency.

Part II also contains an investigation into how we may be able to automatically select

which few model parameters to update for an unknown change in data distribution.

By working with a controlled setup, we show that differences in unit-level activation

distributions align with our intuitions about which parameters should update and use

this to motivate an improved method for automatic data-dependent credit assignment.

We conclude the thesis with a recap of our �nding in Chapter 6 where we draw links

between our methods and the broader picture of learning intelligent systems. We addi-

tionally provide several appendices for completeness.

1.3 Statement of Contributions

The majority of the original material, results and �gures in this thesis are derived from

the following works:

Chapter 3 - Style Modelling in Neural Animation Systems:

• Few-shot Learning of Homogeneous Human Locomotion Styles(2018).Ian Ma-
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son, Sebastian Starke, He Zhang, Hakan Bilen, Taku Komura. Published in:

Computer Graphics Forum, 37(7).Mason et al. (2018).

This work lays out a framework for modelling multiple styles of human locomo-

tion in a neural network based animation system, with particular focus on dealing

with the low-data regime through the bias-variance tradeoff. The implementa-

tion and development of this work was completed by Ian Mason with minor

technical advice from Sebastian Starke and He Zhang. Supervision and project

development guidance was received from Hakan Bilen and Taku Komura.

• Real-time Style Modelling of Human Locomotion Using Feature-Wise Transfor-

mations and Contact-Free Local Phases(2021). Ian Mason, Sebastian Starke,

Taku Komura. Published in:Proceedings of the ACM on Computer Graphics

and Interactive Techniques, 2022.Mason et al. (2022)

Extends the ideas fromFew-shot Learning of Homogeneous Human Locomotion

Styles, offering improvements to both the animation synthesis network and the

style modelling methodology. We additionally create a large dataset of stylised

locomotion to better evaluate the differences between models. The implemen-

tation and development of this work was completed by Ian Mason, with im-

plementation advice and project development input from Sebastian Starke, and

supervision and project development from Taku Komura.

Chapter 4 - Feature Restoration for Source-Free Domain Adaptation:

• Source-Free Adaptation to Measurement Shift via Bottom-Up Feature Restora-

tion (2021). Cian Eastwood* , Ian Mason* , Christopher K. I. Williams, Bern-

hard Scḧolkopf. Published in:International Conference on Learning Represen-

tations, 2022.Eastwood et al. (2022).

In speci�c situations, we can expect that learning to extract features with the

same semantic meaning, across new out of distribution data and the original

training data, is suf�cient to achieve good model performance on new o.o.d.

data. This work describes such situations and presents a feature restoration

method which has substantial bene�ts for model calibration and data ef�ciency.

The implementation and development of this work was completed jointly by Ian

Mason (IM) and Cian Eastwood (CE) with supervision and project development

from Chris Williams and Bernhard Schölkopf.

Disentangling exact contributions to this work is a challenge. This project was
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completed as a joint effort over a two year period of meetings, failed ideas,

brainstormed solutions, joint writing sessions, results evaluations and more. This

work is published as an equal contribution from CE and IM but is presented in

full in this thesis in order to tell a complete story. As it is a requirement to try

and disentangle collaborative contributions, I have tried to provide some clarity

by highlighting key points in the journey to publication. I maintain however,

that the assigning of granular intellectual credit is not a fruitful activity due to

the intangible contributions of participants in collaborative projects. That is, the

whole is greater than the sum of the parts.

The initial exploration and validation of the ideas behind our approach, and

an initial code framework including the creation ofEMNIST-DA were done by

CE. From here IM and CE worked jointly on the project.MNIST datasets and

CAMELYON17were added by IM,CIFAR datasets by CE. The �nal experiments

were refactored and run by IM, with CE creating the paper outline, develop-

ing the background theory (with BS and CW) and outlining the feature restora-

tion framework. IM drafted the experiment explanations and limitations to slot

into the story created by CE. The writing, experimental setups, theoretical back-

ground, and explanations were carefully discussed and re�ned jointly for the

�nal submission.

Chapter 5 - Novel Approaches with Unit-level Surprise:

• Unit-level Surprise in Neural Networks(2021). Cian Eastwood* , Ian Mason* ,

Christopher K. I. Williams. Published in:NeurIPS 2021 Workshop: I (Still)

Can't Believe It's Not Better.Eastwood et al. (2021).

One avenue for improving data ef�ciency in neural networks is a better under-

standing of credit assignment, that is, which neurons should be responsible for

updating to adapt to new data. This work presents one possible way to think

about this problem by asking which units in an arti�cial neural network are most

`surprised' by the new data. We show that patterns of surprise closely match our

intuitions about credit assignment and discuss the potential of, and the issues

with, this approach going forward. The implementation and development of this

work was completed jointly by Ian Mason and Cian Eastwood with supervision

and project development from Chris Williams.

This work came out of ideas discussed and developed while creatingSource-
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Free Adaptation to Measurement Shift via Bottom-Up Feature Restoration. The

contribution story remains much the same with the initial exploration being used

for both projects. CE developed surprise-based update rules with IM creating

FlexTune comparisons. Writing was performed in a similar manner with CE

outlining the story and developing the background and IM running and explain-

ing the experimental section. Again, choices for what analyses and experiments

to run, along with how to present the ideas in the �nal submission, were made

jointly.

* Denotes equal contribution.



Chapter 2

Theoretical Background

In this thesis, each chapter will outline the related work speci�c to the topics therein.

However, before we begin the main content, we will brie�y outline certain themes

that underpin all the work that will be presented, namely domain adaptation, style &

content, and few-shot learning. In this chapter we will give an overview of these high

level areas and touch upon the related literature.

2.1 Domain Shift and Domain Adaptation

In the machine learning literature domain adaptation, domain shift and transfer learn-

ing are extremely related, often overlapping, concepts used differently by different

authors. In this section we will outline how these concepts relate to one another and

explain how they should be viewed in the remainder of this thesis.

2.1.1 Domain Shift

Contrary to the common independent and identically distributed assumption, very of-

ten when building machine learning systems the data which a deployed model receives

(test/deployment data) is somehow different from the data on which it was trained

(training/development data). For example, an image classi�cation system may be

trained on photorealistic synthetic images and during deployment have to classify im-

ages from cameras that process photographs differently (Liu et al., 2020). Alternatively

different hospitals may use different methods or equipment for imaging, so data from

a new hospital may differ from the model's training data (Guan and Liu, 2021).

7
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Figure 2.1: Different data generating processes lead to different types of dataset shift

as described in Storkey (2009). Darker circles highlight the variables that change under

the dataset shift in question.

This phenomenon is known as dataset shift (Quionero-Candela et al., 2009; Moreno-

Torres et al., 2012; Wiles et al., 2021). We can formalise this as taking two datasets,

Dtr = f (x(i);y(i))gNtr
i= 1 andDte = f (x(i);y(i))gNte

i= 1, the training and testing data respec-

tively, consisting of predictor data pointsx(i) and associated target labelsy(i), where

the data distributions,Ptr andPte, are different. That is,Ptr 6= Pte. The data fromPte

is said to be out of distribution (o.o.d.) and whilst this could be taken to mean any

type of change in data distribution (e.g. classifying images to classifying audio), more

commonly the development and deployment distributions are closely related. Dealing

with dataset shift is a large area of research, as almost all machine learning models are

vulnerable to changes in data distribution (Torralba and Efros, 2011; Kurakin et al.,

2017; Recht et al., 2019).

One useful way to think about dataset shift is to examine the different ways in which

it can occur. This is important as different types of dataset shift may be best dealt with

in different ways. A non-exhaustive list of the ways in which dataset shift can occur is

given by Storkey (2009), from which we highlight three examples in Figure 2.1.

Figure 2.1a shows simple covariate shift. In this case, the data generating process as-

sumes that prediction (or output) variables,y, are caused by covariates (or input vari-

ables),x. That is, the covariates have some distribution,P(x), from which the output

variables are generated according to some other distribution,P(yjx), giving the data

distribution,P(x;y) = P(yjx)P(x). The dataset shift itself (simple covariate shift) oc-

curs due to a change in the distribution of covariates,P(x). If we have learned a model

for P(yjx) that accurately captures the distribution, a change in covariate distribution

should not require any change in the learned model. However, in practical situations

there may some bene�ts to accounting for simple covariate shift (Shimodaira, 2000;
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Sugiyama et al., 2007; Storkey, 2009).

Figure 2.1b shows mixture component shift. For this type of dataset shift, samples

(x;y) are assumed to come from multiple different sources, with the ratio of samples

from each of the sources changing between model training and testing. For example,

we may think of samples as being noisy observations drawn from one of three un-

derlying functions (i.e.y = fi(x) + e for i 2 f 1;2;3g), with a change in the frequency

with which we select to draw from each of the functions causing the dataset shift. In

Figure 2.1b the change in source component proportions is represented by changing

variablesS.

Figure 2.1c shows domain shift. In this case we suppose some underlying domain

invariant latent representation of the data,L = l , that causes the observations(x;y).

However, covariatesx may be changed by a change in domain speci�c, or environment,

variablesE. We can think about this concretely by considering the observed covariates

to be a domain dependent mapping,mE, of the underlying latent representation, so

x = me(l ). A change inE changes the mapping. As an example, we could think ofL

as a variable for the `true' underlying colour of an object in a scene which we wish to

classify as being a primary colour or not. A change inE could be a change in rendering

pipeline or scene lighting that changes the appearance of the colour in the scene,X.

WhenE changes our observationx will change, but the underlying colourl and label

y remain �xed.

This thesis largely focuses on thesedomain shiftdata generating assumptions, and

variations upon them. In particular we will consider data which we presume to have

some underlying latent representation (L) unchanging across changing domains. Much

of our focus will be on how we can extract or recover this representation in the presence

of nuisance variables (E) that change model behaviour when a change in domain occurs

(the dataset shifts).

2.1.2 Domain Adaptation

Domain adaptation is commonly framed as taking a model trained on one or more

source domains, with data distributionPs, and adapting the model to work well on one

or more target domains, with target domaint having data distributionPt (Zhang et al.,

2013; Kouw and Loog, 2018). In particular, source and target domains have different

data distributions,Ps 6= Pt . Note that this is exactly the dataset shift scenario described
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in Section 2.1.1, that is, domain adaptation is the task of adapting to dataset shift using

the shifted (test) data. Domain adaptation on domain shifts is the task of adapting a

model to dataset shifts of the form shown in Figure 2.1c (i.e.E changes).

There are many different approaches to domain adaptation and many different areas

where domain adaptation methods are applicable (Ramponi and Plank, 2020; Toldo

et al., 2020; Guan and Liu, 2021). For our purposes we make a distinction between

model-free approaches, which make no assumptions about the distributional form of,

and do not explicitly parameterise,Ps;Pt ;P(L), P(X) or P(Y) (Ganin and Lempitsky,

2015; Long et al., 2018), and model-based approaches, which assume certain distribu-

tional forms for, or explicitly parameterise,Ps;Pt ;P(L), P(X) orP(Y) (Sun and Saenko,

2016; Zellinger et al., 2017). In some sense, even classic �ne-tuning approaches (Gir-

shick et al., 2014; Zeiler and Fergus, 2014) can be seen as domain adaptation under

our de�nition of adapting a model to some dataset shift. However, commonly domain

adaptation is necessary without access to labelled target domain data (unsupervised

domain adaptation).

Domain adaptation is commonly associated with, and sometimes used interchangeably

with, transfer learning. It is more accurate to consider domain adaptation to be a subset

of transfer learning. In general we consider transfer learning to be any type of mod-

elling task where learned information can be transferred from some already pretrained

model(s). An example of transfer learning that is not domain adaptation is when the

dataset does not shift but the task being performed with the data changes (Goodfellow

et al., 2016, Section 15.2) (e.g. image classi�cation to visual question answering).

Another closely related area is domain generalisation, where the aim is to learn the

source model in such a way that it is able to perform well on unseen target domains

without adapting on the test data. This can be achieved through data augmentation or

inductive biases about the dataset shifts that may occur upon deployment (Lake et al.,

2015, 2017; Raissi et al., 2019; Michaelis et al., 2019; Djolonga et al., 2021).

2.2 Style and Content

One way that machine learning practitioners have chosen to view certain data,X, is as

being generated by style factors,S, and content factors,C (Tenenbaum and Freeman,

1996; Jing et al., 2019; Jin et al., 2021), see Figure 2.2a. This has allowed for the

creation of neural style transfer algorithms (Gatys et al., 2015) and, with this view,
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Figure 2.2: Style and Content. (a) The data generating graph is the same as domain

shift (Figure 2.1c) with no label. (b), (c), (d) Stylising an image with neural style trans-

fer. A style image (b, Picasso's Mediterranean Landscape) is combined with a content

image (c, The Shore, Leith), to create a stylised image (d) using an online neural style

transfer tool (Nakano, 2018).

combining the content from one datapoint with the style of another has been used for

many creative applications (Johnson et al., 2016; Holden et al., 2017a; Shen et al.,

2017). We show an example of combining the content of one image with the style of

another in Figure 2.2d.

2.2.1 The Content Invariance Assumption

From a semantic or creative viewpoint `style' can have many meanings (Jin et al.,

2021). For example, are the famous swirled stars of Van Gogh's Starry Night part of

the content of the image or the style? We take the view that the content is the concepts

and objects that would be consistent in the image were another painter to paint the

same scene. That is, we use a data-driven de�nition of style that we refer to as the

content invariance assumption (von Kügelgen et al., 2021). For a dataset that contains

data in multiple styles, style should capture the factors that vary and content the factors

that do not.

If we now return to Figure 2.2a, this assumption is captured by the changingSvariables

coloured in dark grey. If we compare this �gure to the domain shift graph (Figure 2.1c)

we see that these are in factthe same data generating assumptionsas domain shift if

we drop the labelY. So if we care only about generative models modellingP(X), mod-

elling style and content under the content invariance assumption is the same problem

as handling domain shift. Changing environment variables or nuisance variables,E, in

Figure 2.1c corresponds to changing style,S, in Figure 2.2a. The underlying domain

invariant latent representationL corresponds to the contentC.
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2.3 Few-shot Learning

Whilst the most successful modern deep learning models leverage vast quantities of

data (Brown et al., 2020; Radford et al., 2021), humans and animals are able to learn

new tasks and concepts quickly with limited numbers of examples (Lake et al., 2019;

Hiratani and Latham, 2020). Few-shot learning (Wang et al., 2020) is the task of

learning from small amount of data. One-shot learning is the even more restricted task

of learning from a single sample (Fei-Fei et al., 2006), in general we can useN-shot

learning to refer to learning fromN samples.

Few-shot learning is closely related to domain adaptation. Firstly, after a dataset shift

there is no guarantee that we will be able to collect large amounts of data from the

new data distribution; it may be prohibitively expensive or time consuming to do so.

Therefore adapting to a new domain often requires additionally considering that the

adaptation may need to be performed few-shot. This partnering of few-shot learning

and domain adaptation provides the area in which this thesis,Few-Shot Learning in

Changing Domains, is situated.

Few-shot learning is also closely related to domain adaptation as it almost always re-

quires some form of transfer learning. Following the taxonomy of Wang et al. (2020)

three major approaches to few-shot learning are: using prior knowledge to augment

the few-shot data in order to train a more accurate model (Shyam et al., 2017; Benaim

and Wolf, 2018); using inductive biases to restrict the model capacity allowing better

performance with small amounts of data (Lake et al., 2015; Motiian et al., 2017; Zhang

et al., 2018b; Finlayson, 2020, Chapter 0), and providing good parameter initialisations

(Caelles et al., 2017; Finn et al., 2017; Arik et al., 2018; Nichol et al., 2018) or learned

optimisers (Li et al., 2017b; Ravi and Larochelle, 2017) to give the few-shot data a

better chance to achieve a good solution.

Throughout this thesis our approach for dealing with few-shot data will be to combine

suitably setting a model's capacity (inductive biases) with learning from good param-

eter initialisations (transfer learning).
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Style Modelling in Neural Animation

Systems

X

S C

(a) Style and content (b) Modelling large numbers of stylised motions

Figure 3.1: Modelling changing styles for humanoid animation. (a) Data generating

assumptions. (b) Examples of styles our local phase based system can model.

We begin our exploration of changing domains by examining style and content as it

applies to human motion. Figure 3.1a recaps our data generating assumptions, that

is, we observe some motion data,X, which is assumed to be created from underlying

style factors,S, and content factors,C. Given a large dataset of stylised human motion,

labelled with styles, we can use the content invariance assumption (Section 2.2.1) to

assume that those (latent) factors that are consistent across styles are the content factors

and those (latent) factors that differ across styles are the style factors.

That is, we assume, for a given motion, the existence of some latent motion represen-

tation shared and invariant across all styles. This is equivalent to the latent representa-

tion L shared across domains in the general domain shift case (Figure 2.1c). Similarly

a change in style speci�c factors is equivalent to a change in environment variables
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