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Abstract

This thesis explores four projects applying supervised deep learning to help answer
astrophysical questions.

I first consider faint tidal features. Tidal features are a long-lasting signature of
galaxy mergers, making them useful for measuring merger rates. However, current
automated methods struggle to detect faint tidal features in complex galaxies. I use
convolutional neural networks to identify galaxies with tidal features in the CFHTLS-
Wide Survey, improving on previous methods applied to the same dataset. I show that
my networks can identify which pixels are associated with tidal features, potentially
enabling researchers to not only identify but also characterise tidal features.

I then turn to Galaxy Zoo, a citizen science project measuring galaxy morphology.
Galaxy Zoo is being gradually outpaced by the increasing scale of new surveys. Au-
tomated classifiers can be trained using volunteer responses; however, such classifiers
are often unable to consider uncertainty in either volunteer responses or predictions,
leading to wasted volunteer effort and overconfident classifications. I introduce a
probabilistic approach that allows classifiers to flexibly express uncertainty. I use this
probabilistic approach to build a machine learning system that ‘asks’ volunteers to
label the galaxies it could best learn from. I relaunch Galaxy Zoo with images from
the Dark Energy Camera Legacy Survey and run my system live, collecting 1.8 million
volunteer responses. My final models are around 99% accurate on every question for
galaxies with confident volunteer answers and are otherwise correctly uncertain.

Next, T help the Canadian Hydrogen Intensity Mapping Experiment (CHIME)
detect fast radio bursts. CHIME only attempts to detect FRB above a signal-to-
noise threshold of ¢ = 8.5, in part for lack of expert time to review candidates. I
created and launched a citizen science project to classify the 7.8 < o < 8.5 signal-to-
noise candidates detected by CHIME each week. Candidates found by this project
may be the most distant fast radio bursts ever detected, which I hope will serve as
useful cosmological probes of the intergalactic medium.

Finally, I show that neural network emulation can efficiently recover posteriors
of galaxy parameters from photometry. Galaxy SED simulators are too slow to use
MCMC inference on large samples. I train a neural network to emulate an SED
simulator, providing both faster likelihood evaluations and known gradients. These
gradients can then be used for efficient Hamiltonian Monte Carlo inference.

Together, these projects show how deep learning can help astronomers make ef-

fective use of limited and uncertain data.
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“Some other areas have been identified in which neural networks might
potentially be applied to astronomical problems. The most obvious

of these are supervised classification of spectra or, more ambitiously,
morphological classification of galazies.”

H.-M. Adorf, 1991 [8]



(a) GZ DECaLS galaxies automatically classified as most likely (highest mean posterior)
to be two-armed spirals with loose (upper), medium (middle) or tight (lower) winding. See

Chapter

(b) GZ DECaLS galaxies automatically classified as most likely (highest mean posterior) to
be mergers. See Chapter



Chapter 1

Introduction

This thesis explores my application of supervised deep learning to help answer astro-
physical questions. I have worked on questions in three distinct areas - detailed galaxy
morphology, fast radio bursts, and photometric inference - into which this thesis is
divided. I will introduce the scientific background for each area at the start of each
section, explaining why an automated solution is desirable and why I thought super-
vised deep learning might work well. First, it is necessary to introduce supervised
deep learning itself.

Below, I give a practical overview of supervised learning in general and highlight
how supervised deep learning has several inherent limitations - overfitting, uncer-
tainty, and shortcut learning - which motivate much of my work in later chapters. I
then describe convolutional neural networks, a specific class of supervised deep learn-
ing model that I use throughout this thesis. Finally, I step back and consider the
broad history of neural networks in astronomy and the impact that convolutional

neural networks have recently had on the field.

1.1 Supervised Learning

Consider the problem of making a judgement about an image. We make many judge-
ments effortlessly (it’s a galaxy, it has two spiral arms, there’s a little green man in
the corner, etc.) but it is difficult to express exactly how we do so. We cannot easily
write down a series of steps to reliably replicate our responses for other images. In-
stead, supervised learning aims to discover such steps automatically based on example
images (or other data) for which the answers are known.

More formally, given data D, supervised learning aims to fit (train) a mathematical
model to a subset Dy, where the answers (labels) are known, in the hope that

the same model will also be able to make generalised predictions on the unknown



remainder. The model f(x;#) makes predictions on datapoint x using parameters
0. The deviation between the predictions of the model and the known labels are
measured using a loss function L(f(x;6),y). For example, for binary classification

problems, a standard choice is the binary cross-entropy

L =ylogp+ (1 —y)log(l —p) (1.1)

where I have suggestively set f(x;6) = p to highlight that, if one treats the model
output as a probability, the total cross-entropy over a training dataset of size N can
be shown to be proportional to the negative log-likelihood of a series of independent
events {yi,...,yn} each occuring with probability {pi,...,pn}. Using the negative
log-likelihood as a loss function is crucial to training probabilistic models; this is the
starting point for my derivation of loss functions for Galaxy Zoo (Chapter [3)).

To fit the model (i.e. to make a maximum likelihood estimate of the model pa-
rameters ¢ assuming a suitable loss function), one might minimise the total loss over
the training set with respect to € using numerical methods (typically, specialised vari-
ations of stochastic gradient descent e.g. Adam, [230]). However, calculating g—g over
the full training set has a computational cost of order N but only decreases our un-
certainty in g—g by a factor of v/N. Instead, one typically calculates the expected loss

for the training dataset (i.e. the empirical risk) over a training subset of size M:

B LU 050),0)] = = S L0, 417) (1.2

One then minimises Eqn.[1.2] with respect to 6 repeatedly for many training subsets
(known as batches). The additional noise introduced in g—g has been shown empirically
to help avoid overfitting (see below) and improve performance [149].

The overall process to train and evaluate a model consists of two nested loops:
the inner minimisation loop described above, and an outer validation loop (Figure
1.1)). With every iteration of the minimisation loop, the network is gradually fit to
the training data. A batch of labelled data is given as input to the model, the model
returns predictions, and the quality of these predictions is measured using the loss
function. The gradient of the loss function for that batch with respect to the model
parameters is computed, and the model parameters are then updated to minimise
the loss function. The loop then repeats for a new batch of labelled images. Once
a specified number of minimisation loops have elapsed (often equal to the number
of batches in the training dataset, referred to as an ‘epoch’), the validation loop is

executed.



For every iteration of the validation loop, the network makes predictions for a
batch of ‘unseen’ validation data where the labels are known but not used in the
minimisation process. Metrics for the quality of these predictions (for example, the
mean accuracy) are recorded. The training process (i.e. multiple minimisation loops)
is then restarted. The algorithm continues until a stopping criterion is reached; typical
criteria are when a fixed number of validation loops has elapsed, or when no further
decrease in the validation loss is recorded (‘early stopping’). Ideally, one then tests
performance on a final unseen labelled ‘test’ dataset as a proxy for new unlabelled
data.

Several drawbacks to supervised learning are already clear. For instance, we can-
not calculate the loss function over the full dataset D as we do not know the value
of y for all datapoints. We can only train the model on the labelled subset (training
dataset). A model may therefore learn features of the training dataset which do not
generalise to the test dataset. In the limiting case, a model with more parameters
than training labels may memorise those labels, leading to excellent predictions on
the training dataset but poor predictions on the test dataset |25, 318]|I|. This problem
is known as overfitting and is familiar from the general statistical problem of fitting
an overly complex model to limited data. Overfitting is a significant challenge for
learning to classify detailed galaxy morphology from limited expert data; I focus on
this issue in Chapter 2.

Overfitting is closely related to uncertainty. Some unlabelled datapoints may be
sufficiently unlike the training dataset that our model cannot make good predictions;
these are known as ‘out-of-distribution’ examples. We would like our model to ex-
press uncertainty or otherwise flag these unusual datapoints (which, by virtue of being
unusual, are often of particular scientific interest). But complex models which have
overfit (learned rules that generalise poorly) may make confidently wrong predictions,
where the actual prediction depends in part on random choices (e.g. weight initial-
isation) before or during training [137]. Such random choices may in principle be
marginalised over by training many models, but supervised deep learning is computa-
tionally expensive and so most authors typically train a single model or a few models.
Nonetheless, it is possible to use this effect to our advantage to detect unlabelled dat-

apoints which are unlike the training dataset, label them, and thereby improve model

!This memorisation ability was recently exploited by Carlini et al. 2020 [70] to extract various
names and phone numbers included in the training corpus of GPT-2, a large language model, by
finding input prompts which caused the model to repeat the memorised personal data.
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Figure 1.1: Flow chart of generic supervised learning approach. Here, a convolutional
neural network is trained to make predictions on images. Red arrows denote steps
which only occur after specified iterations have elapsed.



performance on similar datapoints. This is a form of active learning [182], which I
apply in Chapter 3.

We may also be uncertain about the training labels; we often do not know the
correct answer with absolute confidence. Much computer science research focuses on
benchmark datasets explicitly constructed to only include confident examples, such as
CIFAR [236] and ImageNet [365]. In my view, this has led to the importance of label
uncertainty being somewhat overlooked. State-of-the-art models trained on ImageNet
perform significantly worse on comparable images for which human annotators were
fractionally less confident?] even in ‘the benign environment of a carefully-controlled
reproducibility experiment’ (Recht et al. 2019 [353]). Managing label uncertainty is
crucial to the practical use of supervised deep learning. Scientific applications (as
well as many important practical applications, e.g. in medical diagnosis [111], 234] or
self-driving car perception [222]) often have highly heteroskedastic datasets where the
desired answers for some datapoints are confidently known and some are significantly
uncertain. Galaxy Zoo volunteer classifications (Sec. 3.1.1) are a prime example.
Whether or not a particular question is asked depends on the volunteer’s answers
to previous questions. In consequence, very different numbers of volunteers may be
asked a question for different galaxies, and so the typical volunteer response (from
which the target label is derived, e.g. [100} [370]) will be well-constrained for some
galaxies and poorly-constrained for others. I introduce a specifically-designed loss
function to address this issue in Chapter 3, and further develop this loss function in
Chapter 4.

Finally, having made our predictions, the lack of an explicit decision rule makes
it difficult to understand why those particular predictions were made. Model inter-
pretability is particularly important in a scientific context when predictions are used
to control data collection where decisions cannot be changed later (e.g. to guide follow-
up [198] 224] or reduce temporary raw data [213, [309]), or to search for correlations
in large datasets where subtle biases in the data may introduce spurious correlations
in the model (e.g. for weak lensing shape analysis [199, 356] or galaxy morphology
[265], 1445, [456]). In the extreme case, a model may learn to make predictions through
undesired ‘shortcuts’ that work effectively but undermine the intended use. Common
shortcuts include classifying based on the background (e.g. detecting sheep by iden-
tifying grassy fields [381]), based on texture [28| [55], and based on highly predictive

2Specifically, on images selected by an average of 71% versus 73% of human labellers as belonging
to a given class. See Recht et al. 2019 [353] for further details.



yet imperceptible features [197]. In Chapter 5, I discover and then mitigate shortcut
learning in a model used by the CHIME telescope [1§] to detect fast radio bursts.

1.2 Convolutional Neural Networks

Having outlined the broad concept and drawbacks of supervised learning, I now de-
scribe the specific class of model f(x;6) used throughout this thesis: neural networks,
particularly convolutional neural networks (CNNs). Neural networks were introduced
by Rosenblatt 1957 [363] and CNNs by LeCun et al. 1989 [252]. Here, I focus on a
practical overview; I give a historical review in the next section (Sec. 1.3).

Neural networks are composed of repeated tensor operations called layers. The
output of layer [, x!, is the input to layer [ + 1 and the arrangement and connectivity
of layers are called the architecture. The net effect of a neural network is a non-linear
mapping from input tensor to final layer output (i.e. prediction), with the aim being
to learn the mapping which gives the true predictions.

Each type of layer performs a different operation. For example, the most basic is

the fully-connected layer which performs the operation:

x = f(wOx=D 4+ pO) (1.3)

Consider the classification of an image using fully-connected layers. The image is

) This input propagates forward through

encoded by the tensor of pixel values x!
the layers and is modified by the weights w(®) and biases b) of each layer through
repeated operations of Eqn. 1.3. The output of the final layer is interpreted as pre-
dictions for that image. The weights and biases can then be optimised to minimise
the empirical risk (Eqn. 1.2 through stochastic gradient descent, where the gradi-
ents are efficiently calculated by repeated application of the chain rule (known as
backpropogation because the gradients are calculated layer-by-layer from the output
[329, 1364, [452]).

By designing a model as a sequence of non-linear transformations (layers of neu-
rons), the model is (in principle) able to learn a hierarchical representation of the
data, starting from the raw input and adding layers of gradually increasing abstrac-
tion [253]. For example, a hierarchical representation of an image might start with
layers representing the textures and edges, then the shapes and areas, then semantic

components. Convolutional neural networks are designed to learn such representa-

tions from images. More formally, CNNs are a neural network variant frequently used



to identify patterns in tensors (i.e. n-dimensional arrays) where the spatial arrange-
ment of values is important. These tensors are most commonly the RGB pixel values
of images, but may equally well be two-dimensional time series (such as a set of stock
prices over time, or a lightcurve measured in several bands), abstract encodings (e.g.
the positions of pieces in a board game [386]), and so forth. They routinely show
state-of-the-art performance on various image classification benchmarks that require
making subtle distinctions between classes and ignoring background effects [365].
Convolutional neural networks typically include two additional types of layer:

convolutional and pooling. The convolutional layer operation can be described as
x) = f()wiy +x 7+ b (14)

where wl(-;) the filter of layer [.

Convolutional layers identify features with a fixed scale relative to the filter size.
On the other hand, pooling layers reduce the size of a feature map by aggregation,
for example by preserving only the local 2x2 maxima (as in this work). When alter-
nated with convolutional layers, pooling layers allow for features of increasing spatial
scale to be detected. Together, convolutional and pooling layers create increasingly
abstract feature maps that encapsulate the image content. These features may then
be classified using fully-connected layers. A toy CNN illustrating each operation is
shown in Figure 1.2.

Convolutional neural networks are designed to learn hierarchical representations
of spatially-arranged data which can then be used for tasks like classification. hi-
erarchical representations have a major advantage over hand-designed features and
‘shallow’ machine learning, such as Random Forests [54], because the conversion from
pixels to representation need not be a single step. This is thought to explain why,
in general, deeper neural networks outperform shallower neural networks [253]. The
degree to which CNNs succeed in learning hierarchical representations may vary; em-
pirical work shows that CNNs can perform well when constrained to learning textures
alone [55]. However, methods to visualise the learned representations provide strong
empirical evidence that CNNs do indeed learn to classify based on recognising edges
and textures, then shapes, and then semantic components [410)].

Identifying hierarchical representations in images is a general purpose tool that
can be applied across many domains, while handcrafted-features are problem-specific

by definition. However, applying neural networks (and machine learning in general)



Input Convolution Pool Flatten FC1 FC2 Output

Figure 1.2: Illustrative diagram of a toy CNN. The pixel values of a galaxy image
are taken as input. These are convolved with filter matrices to create feature maps.
The feature maps are reduced in size by a pooling operation, then 'flattened’ and
concatenated into one dimension. This flattened list of abstract features is the input
for two fully-connected layers with two and one neurons respectively. The final fully-
connected layer outputs a prediction. In practice, the convolutional and pooling
operations would repeat several times and the first fully-connected layer would include
of order 100 or more neurons.

still benefits from domain expertise; I hope to show in this thesis that thoughtfully

considering the scientific goal, context, and data is important for practical use.

1.3 A Brief History of Neurons in Astronomy

Astronomers have been interested in neural networks for almost as long as modern
neural networks have existed. The single-layer neural network was introduced in the
mid-20th century [363] to significant acclaim; the New York Times described it as ‘the
embryo of an electronic computer that [the US Navy] expects will be able to walk,
talk, see, write, reproduce itself and be conscious of its existence’ [423]. However,
subsequent research showed that shallow neural networks were fundamentally limited
in expressiveness [305]. Interest through the 1970s shifted towards ‘knowledge-based’
models able to reason with formal logic and symbols; the ‘Al winter’ of the 1980s
followed the limitedﬁ success of such models [253]. Neural networks then began a
resurgence in the late 1980s, partly due to the invention and populatisation of the
backpropogation algorithm [329] [364, 452] which enabled deeper and hence more
expressive networks to be trained.

This growth in interest was quickly matched by astronomers. The first published

use of neural networks in astronomy may be Adorf and Meurs (1988) [9], who aimed

3Tt would be unfair to say symbolic models were unsuccessful; IBM’s Deep Blue [68], for example,
was arguably a symbolic model.
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to classify objects in the IRAS Point Source Catalog [36, B19]. Just five years later,
the first review of ‘neural network applications in astronomy’, Miller (1993) [304],
cited 29 published projects, primarily in adaptive optics, telescope scheduling, object
classification, and event filtering. One such project [407] is the first instance of galaxy
morphology classification with neural networks. Miller 1993 also wrote that ‘manual
classification of large numbers of objects for training and testing networks represents
by far the greatest overhead in developing such classifiers’, presaging the usefulness
of citizen science for creating training data. By 2009, Ball and Brunner 2009 [30]
described neural networks as ‘the most widely known and well-used machine learning
algorithm in astronomy to-date’.

Meanwhile, new computer science research showed it was possible to train much
deeper network designs (now recognised as ‘deep learning’) [173, [I75]. One design
in particular was easy to train and generalised well - convolutional neural networks
(Sec. 1.2). Convolutional neural networks showed early promise with tasks including
handwriting and facial recognition [250} [387], and exploded in popularity following
dramatic success on the 2012 ImageNet computer vision competition] [253]. The
winning solution, AlexNet [237], included many elements that remain standard prac-
tice today. CNNs were first used in astronomy shortly afterwards in seminal work
by Dieleman et al. 2015 [I00], also to win a competition - in this case, the Kaggle
‘Galaxy Challenge’] where participants were invited to replicate classifications made
by Galaxy Zoo volunteers. Dieleman et al. 2015’s results encouraged other authors -
including this one, as an undergraduate - to apply convolutional neural networks to
classify other galaxies [I91] and then to address other vision tasks.

It is hard to overstate the breadth of astronomical problems to which CNNs have
subsequently been applied. Classifying images may be the most obvious use. CNNs
continue to dominate the field of general galaxy morphology classification; I focus
on this task in Chapter 3. But CNNs have also been used for more specific galaxy
classification tasks. Star-galaxy separation based on images was another early ap-
plication [229]. CNNs have been used to identify mergers at high [79, 125] and low
[335] redshift, and to distinguish low-surface-brightness galaxies from artifacts [417].
Identifying low surface brightness galaxies is the focus of Chapter 2.

CNNs have also been widely applied to infer parameters from images (i.e. regres-

sion). Estimating photometric redshifts, a crucial task for the cosmology science goals

4Specifically, the ImageNet Large Scale Visual Recognition Challenge, ILSVRC, which is based
on the ImageNet dataset but uses a reduced list of 1000 classes
Shttps://www.kaggle.com/c/galaxy-zoo-the-galaxy-challenge
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of future surveys [248| 275], was among the first CNN applications. Hoyle (2016) [184]
aimed to improve on existing work (see e.g. Salvato et al. 2019 [369] for a recent re-
view) by exploiting additional information available in the raw images, beyond the
tabular data of derived source colours. D’Isanto and Polsterer (2018) and Pasquet
et al. (2019) extend this approach with additional attention towards probabilistic pre-
dictions and biases. Note that meaningful images may not be available for all sources
(or might be avoided due to bias concerns); dense neural networks [367], Gaussian
processes [16] and boosted trees [93] are all popular and well-suited to low-dimensional
regression based only on source colours [375]. Combining both catalogue and image
data (more formally, data fusion) is similarly helpful in other topics; for example, to
improve colour-based mass-to-light estimates using galaxy morphologies [103].

CNNs are particularly powerful when training data can be simulated, alleviating
the issue of gathering sufficiently large and diverse training sets. Strong gravitational
lenses, for example, are straightforward to simulate, and so the strong lensing com-
munity have achieved significant success in training CNN to recognise strong lenses
with simulated data [04, 246], [341], B73]. Hezaveh et al. 2017 [171] pioneered us-
ing CNN to estimate strong lens parameters (position, Einstein radius, ellipticity)
from images with confirmed lenses, ten million times faster than with traditional
maximum-likelihood methods. More recent work has, as with redshift estimation, fo-
cused on making estimates with reliable uncertainties [49, 256]. Weak lensing is also
particularly amenable to simulations. Similarly to the previously-mentioned ‘Galaxy
Challenge’, several public competitions for shear inference with simulated data have
been held [57, 159, 232], the last of which was won by using dense neural networks to
tweak conventional maximum-likelihood fits [233]. CNNs have been used extensively
in recent years. For example, Springer et al. 2020 [403] demonstrate inference on
mock HST observations of real background sources undergoing simulated lensing by
the CLASH galaxy cluster [347]. Jeffrey et al. 2019 [199] learned to predict dark mat-
ter distributions from simulated DES [420] observations, with promising performance
on validation simulations. Ribli et al. 2019 [356] also learned to predict dark mat-
ter distributions with DES observations, but instead of using simulations as labels,
they used the partial overlap with deeper CFHTLens [118] observations where shape
measurements are confidently known.

CNN can themselves act as proxies for simulations, predicting the outputs a sim-
ulation would produce given certain inputs. This approach, known as emulation, is
often done to replace slow simulators with far faster models. Neural networks are

effective emulators; in Chapter 6, I use a dense neural network for low-dimensional
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emulation of photometric galaxy observations. CNN-based approaches can be used
to emulate images, whether literal or representational; emulating cosmological dark
matter N-body simulations with CNN is a particularly active field [96], 163], 214 [466].
The general topic of using machine learning to speed up simulations for inference is
advancing rapidly, thanks in part to differentiable probabilistic programming tools
(see e.g. Cranmer et al. 2020 [89] for a review).

CNNs are also widely used to classify transients. Naive subtraction of images
taken at different times often results in artificial ‘bogus’ residuals from e.g. cosmic
rays or satellites; CNNs are often employed to distinguish these from ‘real’ transients
[T10], [460]. Sequences of images - effectively the two-dimensional generalisation of
lightcurves - may also be classified using CNN modified for sequence processing with
e.g. recurrent units [71), 148]. Just as with estimating photometric redshift (above),
the hope is that images of the candidate transients contain more information than
the derived lightcurve. Transients need not be literal images. In the radio domain,
spectrograms are often classified by CNN to identify pulsars, RFI, or, increasingly,
fast radio bursts [226] [442] [447]. Identifying faint fast radio bursts is the focus of
Chapter 5.

I have so far discussed CNN as if they were a standard fixed model design; in
my original description, convolutional and pooling layers followed by fully-connected
layers (Sec. 1.2). This traditional design, used by AlexNet, has since evolved and
diversified substantially. The latest classification models (such as EfficientNet [414],
which I use in Chapter 4) include new components like bottleneck layers [196] along-
side convolutional and pooling layers. Beyond classification, other types of model
include convolutional layers to achieve different goals.

One important type of model is variational auto-encoders (VAE) [231], which use
convolutional layers to reduce (encode) input images into a lower-dimensional latent
space before expanding them (decoding) back to their original size with upsampling.
VAE are then trained to compress images into that latent space by requiring the
recovered image to be similar to the original image. The latent space can then be
used for similarity searches (e.g. to find galaxy mergers similar to other mergers, [65])
or, by decoding new points in that space, to create new images of e.g. galaxies [401].
The closely-related U-Net [361] model type also uses an encode/decode structure with
convolutions and upsampling, and is often used for segmentation (assigning pixels to
classes); Boucaud et al. 2020 [52], for example, uses a U-Net to deblend simulated
galaxies and hence provide improved photometry measurements of the deblended

sources.
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Another noteworthy type of model involving convolutions is generative adversarial
networks (GANs) [I50], in which a generative model (such as the decoder half of a
VAE) creates ‘counterfeit’ examples which a classifier (such as a CNN) must then
distinguish from real data. This adversarial competition, if correctly balanced, chal-
lenges the generator to learn the real data distribution and create increasingly realistic
examples. The trained generator can then be used to create new examples, potentially
based on specific real examples. Schawinski et al. 2018 [374] and Buncher et al. 2020
[62] both use this to ‘reconstruct” how a deeper survey might have observed galaxies
imaged by a shallower survey, although the reliability of these reconstructions remains
unclear. Reiman and Gohre 2019 [354] uses GANs to deblend galaxies, where the
GAN helps ‘fill in’ missing pixels (unlike Boucaud et al. 2020 ’s previously-mentioned
U-Net, which aimed only at segmentation) Perhaps more surprisingly, generative ad-
versarial networks can also be useful anomaly detectors. While the generator does not
typically have an explicit likelihood, one can still identify images (for example) that
occupy unusual regions of the generator’s internal latent space. Margalef-Bentabol
et al. 2020 [287] and Storey-Fisher et al. 2020 [406] both use this approach to identify
unusual galaxies.

The field of deep learning, and its applications in astronomy, continues to expand
rapidly. Nonetheless, I hope to have covered the key methods and historical context
for this thesis. In the following chapters, I introduce my own work using neural

networks to address astrophysical questions.
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Chapter 2

Identifying Low Surface Brightness
Tidal Features

2.1 Introduction

How do galaxies grow? In hierarchical models of galaxy formation, dark matter ha-
los grow gravitationally by merging with smaller halos, carrying baryons - stars and
gas - with them [337, [455]. This suggests that present-day galaxies assembled their
mass through two closely-related pathways. First, galaxies may acquire mass through
mergers; the repeated aggregation of smaller systems. As smaller dark matter halos
fall into more massive ones, their central galaxies may eventually merge with the
dominant central galaxy [450, [454], sharing both stars and gas (in so-called ‘wet’
mergers, [259]). Second, galaxies may acquire mass through secular accretion; the
smooth gravitational capture of gas not yet bound to a system. This gas then fu-
els in situ star formation (e.g. [, 455]) provided it can either avoid shock heating
[216] or cool sufficiently from the virial temperature [434]. The addition of stars via
mergers has long been uncontroversial (e.g. [427, [474]), while smooth accretion also
has strong observational evidence; for example, many massive star-forming galaxies
at z = 2 — 3 have extended disks thought to be inconsistent with recent mergers, sug-
gesting smooth accretion as the dominant growth mode [98]. However, the relative
contribution of in situ star formation and directly accreted stellar mass remains an
open question (e.g. [128] 254! [349] [360] ).

The physics of dark matter gravitational clustering is relatively straightforward
and hence is amenable to simulation; indeed, N-body simulations by Press and
Schechter (1974) [348] (in which N=1000) provide some of the earliest evidence that,

in their words, ‘larger-mass objects form from the non-linear interaction of smaller
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masses’. However, the resulting evolution of baryons is far more challenging to simu-
late, for familiar reasons; the underlying physics is uncertain and efficient numerical
schemes require compromises. For example, in galaxy-scale zoom-in simulations of
mergers, stellar feedback is ‘the most important property determining the galaxy’s
formation history’ (Hopkins et al. (2018) [I81]) and the choice of sub-grid physics to
model stellar feedback can cause order-of-magnitude changes in galaxy mass without
careful treatment [I80]. Qu et al. 2017 [349], introducing the EAGLE hydrodynamical
simulation, writes that ‘such models are inevitably approximate and uncertain’ and
‘must be calibrated by comparison to observational data’. Observational constraints
on merger rates would therefore be highly useful not only in their own right (as fun-
damental measurements of galaxy formation) but also for improving subgrid physics
prescriptions and hence the reliability of numerical cosmological simulations.

It is well established that galaxy mergers leave long-lasting observational signa-
tures in the form of low surface brightness tidal streams, shells and perturbations
(e.g. [86] B0T), B50, 427]). In galaxy outskirts, where the dynamical timescales are
several gigayears or longer, these features are predicted to be particularly apparent
[87, 203]. Indeed, much stellar substructure of this nature has already been detected
in the peripheral regions of the Milky Way [37], M31 [124], and other nearby galaxies
[108], 290]). Low surface brightness tidal features are therefore a powerful means to
identify systems which have undergone mergers, and hence to estimate the rates of
such events. The morphology and properties of these features are also useful probes
for the nature of the preceding merger. For example, tidal shells are thought to be
created by satellites on near-radial orbits while tidal streams are created by satellites
on less eccentric orbits, and so the relative frequency of such structures probes the
orbital distribution of past satellites [167, [345].

One of the main obstacles in such studies is the difficulty in reliably identifying
faint tidal features. Part of this problem stems from the fact that morphological
merger signatures only persist for a finite duration after an interaction has taken
place, with the exact timescale dependent on the details of the orbital interaction as
well as the properties of the host galaxy [272]. In particular, minor mergers (which we
define as mergers with a mass ratio < 1 : 4) are thought to be far more common than
major mergers and have been argued to be more important for driving star formation
[217, 218] but are also harder to investigate because they generate faint signatures
which are typically detectable over much shorter timescales [272], 273, [320]. Indirect
evidence for minor mergers from resulting morphological transformations (e.g. bulge

growth) can provide sensitivity to events that have occurred over longer timescales
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but it is often difficult to distinguish these transformations from secular processes (e.g.
[84, 178, 235]). The difficulty in distinguishing whether a feature is merger-driven or
secular may be somewhat alleviated by searching for the absense of a feature, which
is then evidence that neither a merger nor secular process has taken place.

Simmons et al. 2013 [390] use such an approach to identify galaxies which are
unlikely to have undergone recent mergers due to a lack of a bulge. This is one
example of the use of morphology measurements as an indirect tracer of galactic
history; later in this thesis (chapters 3 and 4), I will detail how we combine volunteer
effort and deep learning to construct catalogues of such measurements.

Tidal features are generally faint and come in many classes [26], making them often
hard to spot against background noise and hard to distinguish from general galaxy
morphology. Identifying tidal features in deep galaxy images is therefore a crucial yet
challenging visual classification problem. Most work to date has focused on visual
inspection of individual galaxies or relatively small samples (e.g. [284] 290, [384]),
often on images that have been specifically manipulated to enhance the appearance
of low surface brightness features (e.g. [177, 207, 306, 308]). However, the role of
interactions and mergers in driving galaxy evolution is likely to change with mass
[257], morphology [228], environment [260], and redshift [259]; unpicking the effects
of these variables will require large statistical samples (i.e. several thousand systems
or more) for which expert human classification becomes impractical. Unfortunately,
there has been relatively little effort to date in devising automatic methods to detect
and characterise low surface brightness emission in galaxies and the methods invoked
are not particularly well-suited to detecting the faint tidal features typical of minor
mergers. Such automatic techniques may be broadly grouped into two categories —
those which rely on model subtraction and those which appeal to non-parametric
feature extraction.

Model subtraction methods work by fitting a parametric light profile to the galaxy.
This parametric light profile is then subtracted from the galaxy flux to leave, ideally,
residuals corresponding to tidal features. The total residual flux is then used as a
proxy measure for how tidally disturbed a galaxy is [7, 412, [43§]. This approach
works best on galaxies with smooth radially-symmetric morphologies where the non-
tidal morphology is easily described. However, for galaxies with all but the simplest
morphologies, the non-tidal morphology is hard (if not impossible) to describe in
parametric form. Encoding the light profile of even relatively common and ‘simple’
galaxies like grand design (two-armed) spirals is itself a major research topic (see e.g.

discussion in [264]). Further, because the non-tidal morphology is typically much
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brighter than the tidal features, any minor errors in encoding the non-tidal morphol-
ogy will often have a much larger contribution to the total residual flux than actual
tidal features would, leading to galaxies with more complex morphologies being falsely
identified as having tidal features.

Non-parametric feature extraction methods measure one or several hand-crafted
image parameters thought to correlate with post-merger disruption. Astronomers
have long sought to design non-parametric statistics that describe the ‘physical’ prop-
erties of a galaxy (typically contrasted with ‘descriptive’ classification based on visual
classification schemes such as the Hubble Sequence, a debate I return to in chapter
3). One particularly relevant feature is asymmetry. Kalnajs 1983 [209] introduced a
‘photographic trick’ of rotating a (film) negative 180 degrees halfway through expo-
sure to create a symmetric image that highlights the 2-fold symmetry of spiral arms.
This procedure was first performed on computer by Elmegreen et al. 1992 [115] at
IBM Research, in an early parallel to the software collaborations with industry on
which modern deep learning in astronomy relies. The total flux of the residual image
was first used as a statistic by Schade et al. 1995 [372]. Conselice et al. 2000 [85]
added modifications for finding an appropriate rotation centroid and accounting for
background flux, and argued that asymmetry can be used to identify galaxies with
interactions or mergers.

More recent work tends towards increasing complexity. Lotz et al. 2004 [270]
introduced the Gini coefficient, a measure of distribution inequality borrowed from
economics [147]), and My, defined as the second-order moment of the brightest 20%
of a galaxy’s flux, for identifying tidal features in combination with traditional statis-
tics (asymmetry as well as concentration and clumpiness, see [84] for a full review).
Freeman et al. 2013 [I39] introduced three further statistics including Deviation, de-
signed to complement asymmetry by identifying bright groups of pixels far from the
galaxy centroid. Pawlik et al. 2016 [333] introduced the shape asymmetry parame-
ter, calculated as with asymmetry but replacing flux with a binary mask selecting
contiguously-connected pixels with flux at least a specified standard deviation above
background (after smoothing with a 3x3 pixel kernel).

Having defined a set of non-parametric features, one can identify the most likely
candidates using selection cuts. One can also create more complex decision boundaries
using low-dimensional machine learning methods such as Random Forests [54], as in
Freeman et al. 2013 [139]. Note that, with such an approach, the machine learning
input features have been calculated following a sequence of human-specified steps

from the original image, in contrast to the deep learning approaches described below.
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Non-parametric methods allow for a broader range of morphologies to be classified
as they do not require an explicit parametric light profile to be specified. However,
they can be easily confused by complex asymmetric features such as spiral arms
[211]. and are typically only sensitive to certain major merger stages [271) 273, 395].
Elmegreen et al. 1993 [116] captured the essential difficulty of non-parametric methods
when, considering a method for identifying spiral arms, they wrote: ‘we could not help
but believe that our eyes were a better judge of structural peculiarities and regularities
than a few highly reduced numbers’. It is hard to define non-parametric features
because identifying tidal features in an image is a perceptual task not immediately
amenable to mathematics. Ideally, then, we would like to directly automate our visual
perception without first defining reduced statistics. This is a key practical distinction
between image classification with low-dimensional machine learning and with deep

learning, which led me to consider a deep learning approach for this problem.

2.2 Application of Convolutional Neural Network

Both model subtraction and non-parametric feature extraction methods struggle to
reliably detect faint tidal features in galaxies with complex morphology. My collab-
orators recognised the need to develop an effective method for tidal debris detection
and classification which can be applied to detect faint tidal features in large statis-
tical samples. Motivated by the need to learn to distinguish subtle classes without
explicitly specifying image features to consider, and encouraged by the exceptional
performance of deep learning models such as convolutional neural networks (CNNs)
capable of learning hierarchical representations of terrestrial images (see Chapter 1),
I decided to explore a classification approach based on CNNs.

In this section (Sec. 2.2), I introduce the core approach: I describe the sample
of galaxies under study; the motivation for the architecture; and the training and
performance of a single network. I then extend this core approach using an ensemble
of several networks, significantly improving performance (Sec. 2.3). Finally, I compare
the performance of both our single network and ensemble of networks with the current
approaches of WND-CHARM [380] and shape asymmetry [333] (Sec. 2.4).

2.2.1 Data

This analysis is based on data products from the Wide component of the Canada-
France-Hawaii Telescope Legacy Survey, hereafter CFHTLS-Wide [156]. This survey

covers approximately 170 deg? of sky in four patches and uses filters u*, ¢’ r’, i” and
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2z’ with an exposure time of approximately one hour per filter per field. Atkinson
et al. 2013 [26] (hereafter A13) used visual classifications to study the incidence of
faint tidal features in a sample of ~ 1800 luminous galaxies drawn from this survey,
making it an ideal sample against which to benchmark the performance of CNNs.

The A13 sample contains 1781 galaxies that were selected to lie within the redshift
range 0.04 < z < 0.2 and to have magnitude 15.5 < r’ < 17. These cuts were adopted
to allow for comparison with previous work on tidal feature classification, to minimise
contamination from stars misidentified as galaxies and to limit the sample size to a
manageable number for visual inspection. As discussed in A13, this sample is heavily
biased towards bright systems, with most galaxies lying in the range —23 < M,, <
—20 mag. The typical half-light radii of the galaxies is 2-6 arcsec.

The A13 study used thumbnails in the ¢’ r” and i’ bands as these were the
highest signal-to-noise images. These thumbnails were stacked together to increase
contrast. A13 estimate a limiting ¢-band surface brightness of ~ 27.7 mag arcsec™ >
over small scales. Each stacked image was visually inspected and placed into one
of five categories depending on the confidence of the inspector that a tidal feature
was present. These ranged from very high confidence of the presence of a feature
(level four) to a feature with around 75% certainty (level three) and so on, until very
high confidence was reached that no tidal features were present to the depth of the
data (level zero). If tidal structure was deemed to be present then it was further
classified into six non-exclusive tidal feature classes — shells, streams, miscellaneous
diffuse structure, arms, linear features and broad fans. Each of these classes may
trace the physical properties of the original galaxies, though definitive connections
are elusive; tidal tails (arms, streams, linear features) and shells likely reflect different
pre-merger orbits (Sec. 2.1), and fans may indicate dry mergers [438]. Identifying
large samples of such classes with the methods presented here may ultimately help
uncover these relationships.

Roughly 10% of the A13 sample was classified independently by three experts to
ensure that the visual classification scheme leads to consistent answers by multiple
experts and is therefore reproducible. Following this, the entire sample was classified
by a single inspector (Atkinson) to maximise consistency. In this work, these single
expert labels are used as a ground truth against which to measure automated methods;
I address the implications for reproducibility in Section 2.5. The archetypal examples
provided by A13 of these feature classes are reproduced in Figure 2.1.

As the thumbnails utilised in the A13 study were not available, I had to recreate

these from scratch, in an identical manner, so as to guarantee that the automated
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Figure 2.1: Tidal feature classes defined by Atkinson et al (2013). Clockwise from top
left: shell (A), stream (B), misc. diffuse (C), arm (D), linear (E), fan (F). Reproduced
by permission of the original authors and the AAS.

classifier had access to the same information as the human experts. To this end, I
extracted 256 x 256 pixel regions in the ¢’, " and ¢’ bands around the galaxy centroid
coordinates provided in the A13 catalogue using the CFHTLS cut-out service [11§].
These images were subsequently manipulated in a variety of ways, as will be described
in Section 2.2.2.

To reduce the complexity of the classification problem, tidal confidence labels were
binned into binary classes. The choice to restrict the problem to a binary classification
was motivated by the limited training data available (see Section 2.2.3) rather than
any fundamental constraint. Non-tidal (0) was matched to confidence < 25% (levels
zero and one in the A13 scheme) whereas tidal (1) was matched to confidence > 75%
(levels three and four in the A13 scheme). Galaxies with a tidal confidence of 50%
were deemed to provide no useful information for our purpose and were cut from the
sample. Of the 1781 galaxies in the original A13 sample, 24 could not be downloaded
in all three bands from the CFHTLS cut-out service, giving an initial data sample of
1757 imaged galaxies. Of those, 1316 galaxies are re-labelled False (non-tidal) and 305
are re-labelled True (tidal). 136 have a confidence of 50% and are therefore removed,
leaving a final sample of 1621 galaxies with binary labels. I discuss the ability of the

method to adapt to more subtle classes given sufficient training data in Section 2.5.
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2.2.2 Preprocessing

Preprocessing input images can substantially improve neural network performance -
in my view, typically more so than the design of the network itself (see e.g. [366]). I
believed preprocessing might be particularly important for this problem after observ-
ing that when my co-authors and I attempted to visually identify LSB tidal features
using SAOImage DS9 [206], we often made changes to the scaling function and scal-
ing limits of each FITS image. These scaling changes made low surface brightness
features dramatically more visible by compensating for the extreme dynamic range in
the raw images (from bright galaxy core to background). Inspired by this domain ex-
pert behaviour, I implemented and experimented with various preprocessing options,

listed below in order of operation.

1. Aggregation The ¢’, ’ and i’ band images provide three tensors of pixel flux
values, each of shape (height, width). These are combined to create a single
tensor, which includes all pixel information on each galaxy, to be used as input
to the network. The bands can be pixel-averaged to create a tensor of shape
(height, width). Alternatively, the bands can be concatenated (i.e. placed next
to one another) along a third colour dimension to create a tensor of shape
(height, width, 3) in analogy with RGB images.

2. Background estimation This estimate is required for the pixel intensity clip-
ping and masking procedures described below. To estimate the sky background,
I used the functions sigma_clipped_stats and make_source_mask from the
Python package Photutils ([53]). sigma_clipped_stats estimates background
from the statistics of all unmasked pixels within a given ¢ of the median un-
masked pixel value. sigma_clipped_stats is called by make_source_mask to
make an initial background estimate. make_source_mask then uses this es-
timate to detect and mask sources. The masked image is passed back to
sigma_clipped_stats for an updated background estimate. This procedure

iterates five times, giving a final background estimate.

3. Pixel intensity clipping The extreme intensity variation (dynamic range)
between the inner galaxy core and the tidal features can interfere with rescaling
algorithms (see below). Retaining only pixels with intensities lower than 6o

above the background avoids this issue.
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4. Pixel intensity rescaling Rescaling the pixels to reduce the dynamic range of
the image ensures that the tidal features contribute to the first layer values. We
apply to each tensor x a rescaling mapping, for example sinh(z), %, or In(z).
Since the values of the first network layer are proportional to the input image
pixel values, this avoids the untrained network initially seeing only the bright

galaxy cores.

5. Masking The thumbnails have foreground and background objects, as well as
occasional image artefacts, within the field-of-view. This introduces additional
noise that could be mistaken for tidal features by the classifier. To mitigate
this, pixels outside the contiguous galaxy light distribution can be masked. To
identify which pixels to mask, I used a combination of background estimation
and mean convolutions to estimate which pixels are plausibly part of the galaxy.

This process is described in detail in Section 2.4.1.

6. Local smoothing This can enhance the appearance of faint tidal features near
the signal-to-noise limit, albeit at the cost of a reduction in spatial resolution.
The kernel size used controls the degree of smoothing; a 3x3 average kernel was

found to give good visual results.

As the optimal combination of these various preprocessing options for tidal feature
detection was not initially obvious, I approached this problem empirically by using a

grid search (see Section 2.2.5).

2.2.3 Network Architecture

A significant challenge with our CNN approach to tidal feature identification is our
exceptionally small training sample. Because every neuron connection is assigned
a weight, CNNs typically have > 10° free parameters to learn (i.e. to fit to the
data). Having many free parameters allows the learning of more complex features,
but increases the entropic capacity of the classifier. Without a correspondingly large
training sample to provide constraints, overfitting degrades performance. CNNs are
typically applied to samples of 10* to 10'° images - for astrophysical examples, see
[100, 1911 229, [341), 391] - while our CFHTLS-Wide sample contains only 1621 galaxies,
of which a mere 305 have tidal features. The classifier therefore needs to operate

approximately two orders-of-magnitude below the minimum sample sizes normally

used by CNNs.
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F32 Convolutional

2x2 MaxPooling

F48 Convolutional

1

2x2 MaxPooling

F64 Convolutional

1

2x2 MaxPooling

1

N64 RelLU Fully-Connected

N1 Sigmoid Fully-Connected

Figure 2.2: Network architecture for single CNN. Input image (tensor) at top. Output
prediction at bottom. Convolutional layers have Fn (e.g. F32) 3x3 convolutional
matrices (i.e. filters), each with a convolution step size (i.e. stride) of 1x1. Fully-
connected layers have Nn (e.g. N64) neurons. The final layer is a single neuron whose
output represents the continuous-valued class prediction.

To reduce the model’s capacity for overfitting, I initially chose the architecture of
Chollet 2016 [77], a relatively shallow design with (only) 3,714,593 free parameters.
The architecture is presented in Figure 2.2. I then verified with a grid search that this
architecture outperforms three convolutional layer networks with significantly higher
or lower numbers of convolutional filters or layers. Three convolutional layers provide
enough depth for high performance without becoming computationally intractable,
while the relatively low number of filters helps prevent overfitting.

To further minimise overfitting, I chose to apply dropout [404], a regularisation
method, to this layer. Dropout temporarily removes random selections of neurons.
This encourages neurons to learn parameters that remain discriminative for many
different combinations of other neurons in the network. Alternatively, dropout may
be interpreted as taking the trained model and permuting it into a different one
[404]. Dropout therefore approximates (with an unbounded error) training many
unique networks [141]. This behaviour is crucial to the Bayesian convolutional neural
networks I use in Chapters 3 and 4.

A neuron and all associated connections (weights) are referred to as a unit. For
each training epoch, each unit in the fully-connected network layer has probability p

to be removed for that epoch. The operation of a fully-connected layer with dropout
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20— f(wl(l)xl(lfl) + bl(l)) (2.1)

(2

where w! denotes unit i in layer [, xz(l) is the (scalar) output of unit ¢ in layer [ and
x’ is the elementwise product x’ = x (%) B(p) with B(p) being an x-shaped matrix
with binary elements according to the Bernoulli distribution (i.e. 1 with probability
p, 0 with probability 1 — p).

The thinned network (following dropout) is trained for a single epoch before B(p)
is re-evaluated, causing different units to be active and a new thinned network to be
created (sharing weights with the predecessor). I selected the hyperparameter p to
be 0.5, based on the results of the grid search described below.

2.2.4 Augmentation

Galaxy morphological classifications should be invariant under certain transforma-
tions, such as flips, rotations, minor zooms, and minor translations. CNNs lack our
intuitive understanding of transform invariance and require sufficiently diverse exam-
ples to infer which transforms are not discriminative. I therefore chose to artificially
expand our training set by including many variants of the original input images [l
By inputting many randomly-transformed images with unchanged labels, I teach the
network to be insensitive to those transforms. By applying these transforms dynami-
cally when each input image is read by the network, the effective training set becomes
arbitrarily large and the network always sees a unique image. Note that augmented
images are less informative than truly new images; once the network has learned the
invariance, further augmented images do not improve performance.

I randomly apply all of the following transforms every time an image is loaded:

1. Horizontal flip

2. Vertical flip

3. Random resampled rotation uniformly chosen from the interval (-7, %)
4. Random resampled zoom uniformly chosen from the interval (90%, 110%)

5. Horizontal translation uniformly chosen from the interval (-5%, 5%)

Tt is possible to construct CNNs with specific invariances, either by modifying the input (e.g.
[100]) or the architecture [I19]. However, achieving invariance through augmentations was a simple
and effective alternative to these more complex approaches.
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Figure 2.3: Mosaic of illustrative augmented images of a single non-tidal galaxy.
Images are mean-averaged, masked (30) and shown in log scale. The images are
cropped from 256 to 150 pixels for illustration only. The original image is shown in
the top left (red highlight).

6. Vertical translation uniformly chosen from the interval (-5%, 5%)

To avoid unnecessary information loss from pixel resampling after each step, the
transforms are applied through a single net transformation. I verified with a grid
search (Section 2.2.5) that the augmentations improve performance, implying that
resolution degradation from the net transformation has a less significant impact on
prediction quality than the corresponding learned invariance.

Figure 2.3 shows a single galaxy with seven different augmentations applied. The
same random augmentation process creates a unique image each time. The network

is trained on approximately 84,000 uniquely-augmented images before convergence.

2.2.5 Grid Search

CNNs have tuneable design values (e.g layer count = 4, first layer width = 256) called
hyperparameters [276]. The choice of hyperparameters may have a significant impact
on classifier performance, but the optimal choice is not known a priori. Estimates
can be made with heuristics (rule-of-thumb guesses) based on previous generic image
classification work. However, images of galaxies with faint tidal features are unlike
‘terrestrial’ pictures in that they have extreme contrast, high noise levels and indistinct

subject shapes, and so borrowing from such work is unlikely to be optimal.
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I improved the heuristic hyperparameter estimates using grid searches. Through
this procedure, many possible network configurations are trained and the performance
of each is measured. I chose to separate hyperparameters into related groups and then
identify the optimal choice within that group through an exhaustive grid search. For
example, we assume the optimal number of layers is independent of pixel rescaling
and proceed to test many possible numbers of layers with a single rescaling. This
approach makes the grid search computationally feasible without needing to specify
any hyperparameters with heuristics.

I used three groups of hyperparameters: preprocessing (see Section 2.2.2), archi-
tecture (see Section 2.2.3), and augmentation (see Section 2.2.4). The best performing
preprocessing configuration was found to be band-stacked images with 30 masking,
logarithmic pixel intensity scaling and no mean convolutions. Performance is invari-
ant under physically reasonable choices of pixel clipping values and, provided that
mean convolutions are not used, also invariant under pixel intensity rescaling. This
latter result is intuitively surprising given the impact that rescaling has on human
perception. The best performing architecture and augmentation configurations have

already been discussed in Sections 2.2.3 and 2.2.4, respectively.

2.2.6 Training and Evaluation

I implemented our network using the deep learning library Keras 78], with Tensor-
Flow [2] as a backend?]

I used a batch size of 75 images, identified as the optimal number by the grid
search (see Section 2.2.5). One epoch was arbitrarily set as 14 batches or 1050 train-
ing images, roughly corresponding to the total number of labelled galaxies. Batch
images were randomly selected without replacement (i.e. selected only once) in equal
proportion from the tidal and non-tidal galaxy training subsets. Once all images
from a subset had been selected once and removed, the subset was refilled. I chose to
select the images in this manner for two reasons. Firstly, this approach provides the
network with sufficient tidal examples to learn from. Secondly, it allows the network
prediction to be interpreted as the probability that a given image is tidal and not
merely a reflection of the base rate (i.e. the relative number of tidal versus non-tidal
galaxy training examples seen by the network). Excluding the base rate during train-

ing ensures that predictions on a new sample will not be biased towards the training

2Keras was absorbed within the TensorFlow library subsequent to this work
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base rate. Each selected image was randomly transformed to augment the dataset
(see Section 2.2.4). I trained the network using a binary cross-entropy loss (Eqn. 1.1).

Any initial partitioning of data into training and validation images is arbitrary;
one could have selected any set of images as validation images. We therefore needed to
check if the network is fortuitously performing better on those validation images than
it would on a large set of new data. Smaller datasets are particularly susceptible to
such accidental overperformance as small number statistics make this scenario more
likely. T used five-fold cross-validation to ensure our prediction quality metrics do not
depend on an arbitrary division of data into training and validation subsets. In n-fold
cross-validation, the complete data sample is split into n random subsets. n — 1 are
used to train the classifier from scratch, and the remaining subset is used as validation
data. This is repeated for all n permutations. All prediction quality metrics in this

chapter were averaged from each of the five-fold cross-validation runs.

2.2.7 Results

I selected completeness and contamination as metrics to evaluate the performance of
our network. Conceptually, completeness is the probability for a visually-classified
tidal galaxy to be correctly identified by the CNN as tidal, and contamination is
the probability that a visually-classified non-tidal galaxy is incorrectly identified by
the CNN as tidal. Mathematically, these are the true positive rate (TPR) and false
positive rate (FPR), respectively:

TP FP

TPR=———  FPR=— .
R=TpsFn R=Trpirn

(2.2)

The Receiver Operating Characteristic (ROC) curve illustrates the completeness
and contamination of the classifications. The ROC curve of our best-performing sin-
gle CNN classifier is plotted in Figure 2.4. The completeness and contamination may
be selected along any point on the curve, corresponding to varying the confidence
threshold used to classify images as tidal. For example, one might choose a complete-
ness of 70% and therefore a contamination of 22%. Random guessing would provide
equal completeness and contamination.

Figure 2.5 shows the accuracy of a single classifier with and without dropout and
augmentations, averaged over five runs. Shaded regions denote the 90% Bayesian
credible interval [324]. Without dropout and augmentations, the training accuracy
increases with the number of galaxies that the network sees while the validation

accuracy remains low. This is because the network is overfitting to random patterns

28



Y
o

o
o

o
o3}

©
.

True Positive Rate (Completeness)

0.2
PR ——— Single CNN
e ==+ Random guessing
00 “
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate (Contamination)

Figure 2.4: The ROC curve for a single CNN classifier on CFHTLS-Wide images.
The dashed line indicates the expectation for random guesses.

in the training data. These patterns do not generalise to new data so the validation
accuracy remains low. In contrast, with dropout and augmentations, the network
is learning patterns present in both the training and validation data, causing both
accuracies to rise.

Figure 2.6 shows performance broken down by class of tidal feature, following
the schema introduced by A13. Every prediction is made by a network that has
not been trained on that galaxy, following the cross-validation strategy described
in Section 2.2.6. Networks perform best (i.e. have the lowest mean absolute error)
on fan features, a surprising result given the relative rarity of such features. In
general, performance is higher for dispersed features (fan, diffuse, shell) than small-
scale structural features (arm, stream, linear). We speculate that this may be because
such features are unlikely to be mimicked by contaminant objects in the field-of-view,
and therefore easier to learn from our relatively small dataset.

All classes except fan (which is both rare and has a low mean error) have at least
one prediction with an error close to one. This reflects the probabilistic nature of
the method; our probabilistic metrics of success do not imply that every prediction
is approximately correct. Figure 2.7 shows the galaxies with the highest and lowest

absolute error (matching the highest and lowest horizontal bars across all columns
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Figure 2.5: Mean training metrics for the same network architecture with dropout
and augmentations off (top) vs. on (bottom), over five runs (trained and validated on
each five-fold cross-validation permutation). Shaded regions denote the 90% Bayesian
credible interval. 80 epochs for convergence (defined as a non-decreasing validation
loss by eye) correspond to interactions with 84,000 uniquely-augmented training im-

ages.
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Figure 2.6: Single network validation performance by class of tidal feature. Each
column is a class of tidal feature, ordered left to right by increasing mean absolute error
on galaxies with that feature. Horizontal black bars denote individual galaxies: for
example, a galaxy with a fan feature on which the network prediction had an absolute
error of 0.2. More galaxies with lower absolute error indicates better performance.
The area of each column illustrates the probability density, inferred (by kernel density
estimate) from all galaxies of that class. Feature classes follow the schema introduced
by A13.

in Figure 2.6). Failures show no obvious pattern, underscoring how the operation of
convolutional neural networks is not always immediately interpretable by humans. I

investigate the behaviour of the network in Section 2.5.1.

2.3 Ensemble of Convolutional Neural Networks

2.3.1 Configurations

The predictions of an ensemble of independent classifiers are well-known to typically
outperform those of a single classifier, assuming all classifiers have similar individual
performance. Framed as statistics, taking an average will partially cancel the random
errors in each prediction. Framed as information theory, each independent prediction
provides new information on the input image. Indeed, ensemble methods are routinely

used to improve image classification performance e.g. [100].
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Figure 2.7: Galaxies with the highest (left) and lowest (right) absolute error in vali-
dation predictions, as presented to the network following the preprocessing strategy
identified as optimal (including pixel rescaling and background masking, see Section
2.2.2). Brightness and contrast have been further adjusted for human viewing of tidal
features.
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I investigated two different ensemble configurations — CNN using optimal prepro-
cessing (configuration A), and CNN using varied preprocessing (configuration B) — as
a means to generate more accurate faint tidal feature classifications for our sample.

In configuration A, each CNN is in the optimal hyperparameter configuration iden-
tified in Section 2.2.5. The random order of input training images and the random
initialisation of weights and bias prior to training may cause the CNN to converge
to different local minima during training, particularly when applied to smaller train-
ing sets [253]. This leads to identically-configured CNNs making slightly different
predictions, which is described as stochastic independence.

In configuration B, each CNN uses varied preprocessing hyperparameters, as de-
tailed below. This introduces further independence between CNNs. Different prepro-
cessing hyperparameters might lead a CNN to advantageously detect different tidal
features. For example, more restrictive masking thresholds will reduce the number
of contaminant objects in the field-of-view but may also reduce the spatial extent of
particularly faint tidal features. However, hyperparameters that are different to the
optimal hyperparameters will degrade the performance of a single model. By com-
paring each ensemble configuration, we test if (for our problem) it is more effective to
ensemble individually stronger classifiers with lower independence (configuration A)
or individually weaker classifiers with higher independence (configuration B).

I selected the following set of preprocessing hyperparameters for the five CNNs

comprising the configuration B:

1. Logarithmic rescaling, 3¢ mask threshold (i.e. optimal)
2. Logarithmic rescaling, 50 mask threshold

3. No rescaling, 30 mask threshold

4. No rescaling, 50 mask threshold

5. No rescaling, band-stacked (un-masked) image

These were chosen for being high-performing combinations identified with the grid
search described in Section 2.2.5, and for spanning visually distinct preprocessing

steps.
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Figure 2.8: Flow chart of each stage for ensemble classifier. Red text illustrates the
values being combined at each stage.

2.3.2 Training and Evaluation

To decide which configuration has the best performance, I trained and evaluated
all five CNN comprising each configuration. Specifically, I trained each CNN on
images that are randomly drawn in equal measure from 80% of the tidal and non-
tidal classes, as described in Section 2.2.6. I then made predictions with each CNN
on the remaining ‘unseen’ 20% of galaxies. Finally, I calculated an overall prediction
for the configuration by combining the predictions of each CNN. Figure 2.8 illustrates
how the predictions of each CNN are combined.

First, for each CNN, I averaged over all predictions made by that CNN on aug-
mented images of the same galaxy. The true label is invariant under our augmenta-
tions but the CNN may not have completely learned to ignore them. Averaging over
predictions of the same galaxy ensures that the final configuration prediction will not
depend on any particular augmentation.

After recording the augmentation-averaged prediction on each galaxy by all five
independently-trained CNN, I then averaged those single-CNN predictions to exploit
any independence in those predictions to improve performance, as explained in Section
2.3.1.
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2.3.3 Results

Figure 2.9 shows the average ROC for each ensemble configuration, and overplots
the ROC of the individual optimal CNN shown in Figure 2.4. The completeness and
contamination of the two CNN ensemble configurations are notably improved over the
single CNN for galaxies with more ambigious scores, leveraging residual independence
between classifiers to increase performance. For example, a single CNN achieves a
completeness of 70% with a contamination of 22%. With ensembling, this improves
to a completeness of 76% + 2% with the same level of contamination. For galaxies
with more extreme (confident) scores, the network ensembles show relatively little
improvement. This may be a consequence of there being relatively little disagreement
between ensemble classifiers for the most obvious examples. The prediction quality of
the two ensemble configurations is approximately equal within the expected statistical
variation. That is, for our problem, both configurations are equally effective.

The ROC curve measures performance when classifying all galaxies, which is ap-
propriate for understanding the overall performance of a method. In practice, one
might instead choose to classify only a subset of galaxies for which the model is rea-
sonably confident, and refer the remainder to experts or citizen scientists. We can
measure model confidence using the continuous prediction score output by the model.
By optimising our model using the binary cross-entropy loss (Equation 1.1), which
heavily penalises mistaken scores near 0 or 1, we can interpret scores near 0 or 1 as
confident predictions and scores close to 0.5 as uncertain predictions [418]. Therefore,
we can select galaxies with confident predictions by requiring a score at least some
minimum difference from 0.5.

However, because the model was trained on an equal number of tidal and non-tidal
galaxies (Section 2.2.6), our scores on the full imbalanced sample are uncalibrated; the
model does not know that non-tidal galaxies are common. To account for this, when
calculating confidence, I calibrated our scores with Platt’s Scaling [132]. Specifically,
I used logistic regression to fit a correction to the fraction of true positives on 25% of
galaxies, such that the scores match the empirical probability that a galaxy is tidal,
and then applied that correction to the scores of the remaining galaxies.

Having calibrated our scores, it is now possible measure how performance varies
on increasingly confident subsamples. The results show that performance can be
dramatically improved, at the cost of leaving some galaxies unlabelled. Figure 2.10
shows how the accuracy increases as one considers only galaxies where the model is
increasingly confident. On the full sample, the calibration causes the model to predict

‘non-tidal’ on three out of four galaxies, leading to an accuracy similar to a baseline
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Figure 2.9: Comparison of the ROC curves of a single CNN, and our two ensemble
CNNs. Our ensembles (each of five CNN) substantially outperform the single CNN.

classifier that always predicts non-tidal. However, by using the score to identify
galaxies where the model is more confident, one can make useful predictions on the
bulk of the sample. For example, the 72% of galaxies with a minimum score difference
of at least +0.33 can be classified with 97% accuracy, compared to 84% accuracy on
all galaxies. This suggests that our prototype model can be used to identify the bulk
of a survey with near-perfect accuracy, reducing the human labelling effort required
to create extensive science-ready catalogues of galaxies with or without tidal features.

I next investigated the independence of the single classifiers within each ensemble
by measuring the correlation between each possible pair of classifiers. I calculated
the Pearson r correlation coefficients between the continuous-valued predictions of
each classifier. The resulting matrices are shown in Figure 2.11. The matrices are
symmetric due to the symmetry of the correlation coefficien; unitary diagonal elements
result from pairwise comparisons between a CNN and itself, and may therefore be
neglected.

Recall that configuration A combines five classifiers all using the same optimal pre-
processing configuration (logarithmic rescaling and a 3-sigma pixel mask, see Section
2.2.5), while configuration B combines five classifiers with varied preprocessing config-

urations. The average (non-unitary) correlation coefficient is lower for the ensemble
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Figure 2.10: Accuracy of CNN ensemble (Config. A) on subsamples with increasingly
confident predictions. Accuracy is measured for galaxies where the classifier score is
a given minimum difference from 0.5. The greater the minimum difference, the more
confident the classifier is. The percentage of galaxies with at least that confidence
is annotated. Also shown is a baseline classifier that always predicts non-tidal (the
majority class). We find that confident galaxies are more far likely to have correct
classifications, For example, 72% of galaxies have a minimum score difference of at
least £0.33 (i.e. a score above 0.83 or below 0.17) and can be classified with 97%
accuracy. This suggests referring the least confident galaxies to experts or citizen
scientists could be an effective strategy.
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Figure 2.11: Pearson correlation coefficients between the predictions of single CNN
(rows, columns) classifiers acting within ensembles using optimal preprocessing (A,
left) and varied preprocessing (B, right). Labels denote the preprocessing used for that
CNN, with ‘In” denoting logarithmic pixel rescaling and ‘Nsig’ denoting the masking
threshold used. Configuration A combines five classifiers all using the same optimal
preprocessing configuration (logarithmic rescaling and a 3-sigma pixel mask) while
configuration B combines five classifiers with varied preprocessing configurations.

with varied preprocessing (B, 7=0.82) than with optimal preprocessing (A, 7=0.90),
indicating that additional independence can be introduced by altering the preprocessing
process. In particular, altering the masking threshold has a greater effect on classifier
predictions than changing from logarithmic to linear rescaling. This is consistent with
our earlier finding that prediction accuracy is invariant within statistical uncertainty

under pixel rescaling.

2.4 Comparison with Current Methods

As discussed in Section 2.1, most current methods of automated feature detection
are not well-suited to recovering the typical low surface brightness tidal features that
arise from minor mergers and accretions. To accurately measure our performance
compared to existing work, my co-authors and I selected two alternative methods
from the recent literature and applied them to the A13 sample to benchmark their

performance against that of the CNNs. These are:

1. Shape asymmetry [333], an example of a method based on non-parametric fea-

ture extraction;
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2. WND-CHARM [378| 380], an alternative unsupervised machine learning ap-
proach previously shown to be successful in identifying peculiar and interacting

galaxies.
Detecting tidal features by any method is dependent on:

1. The nature of the sample under study. The varying depths, bandpasses and

spatial resolutions of different datasets can lead to incomparable detection rates;

2. The author’s definition of what is tidal. The context of the paper often sets
the definition for a tidal feature, and different authors may reasonably have

different definitions.

For example, [56] and A13 both use data from the CFHTLS to identify tidal
features through visual inspection. However, [56] uses data from the Deep component
of the survey, which covers less sky area but is sensitive to more distant galaxies than
the Wide component used by A13. Furthermore, they select different features to
define which galaxies are tidal (tidal tails and bridges vs. the more subtle debris
features outlined by A13). Directly comparing the detection rates (and underlying
methodology) of these two papers is therefore not meaningful as they measure different
things.

By applying all three methods to the same galaxy sample, with the same binary
labels, we sidestep many of the complications that arise when comparing results that
have appeared in the literature. This also ensures that the ability of each classifier
to detect the same tidal features is tested fairly. Below, I describe each method and

motivate why we have selected that particular method for comparison.

2.4.1 Application of the Shape Asymmetry method

Shape asymmetry was introduced by [333] as a method to automatically detect faint
asymmetric tidal features in galaxies that experienced a recent merger. It is an appro-
priate choice for tidal feature detection in galaxies with complex morphologies since,
unlike residual-based methods, it does not require a parametric fit of the underlying
galaxy light profile. The measure is only sensitive to morphological asymmetry and
does not contain information about the asymmetry of the light distribution. When
applied to a sample of 70 starburst and post-starburst galaxies imaged by the Sloan
Digital Sky Survey [3], [333] report an accuracy of 95% in detecting post-merger tidal

features.
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The method works as follows. First, following [85], the minimal asymmetry cen-

troid is identified and asymmetry parameter A is recorded.

A:Z|]O_Il80|
25| hso |

where [ is the value of a galaxy pixel, 15 is the value of the pixel at the same position

— Apgr (2.3)

after the image is rotated 180 deg, Ay is the estimated contribution to asymmetry
from background noise, and all sums act over all pixels. Note that low surface bright-
ness pixels will have small Iy and hence will make only minimal contributions to A.
As a result, A is relatively insensitive to faint tidal features.

Next, a 3x3 mean convolution is applied to the galaxy image to enhance low
surface brightness features. A binary mask is then created with values of 1 where the
corresponding pixel count is both some chosen No above the original measured sky
background and contiguously eight-connected to the central pixel. The intuitive effect
is to create a silhouette of the galaxy outline that includes faint structure - see Fig
2.12. For my re-implementation, background estimation is done with the procedure
described in Section 2.2.2. I found a pixel masking threshold of N = 3 gives optimal
results.

Finally, the shape asymmetry parameter A is calculated in analogy to A but with
Iy and I gy replaced by the pixel values of the binary mask, rather than the original

galaxy image:

S| Mo — Masgo |
2| Mg |

where M (Migp) is the value of a mask pixel at some (rotated 180 deg) position on

A, = (2.4)

the binary mask.

To ensure tidal features at the image extremities are included, the selection radius
used to calculate both A and A, is taken as the minimum radius that encloses the
full binary mask. By plotting A against A, an empirical selection cut can be made
to identify galaxies with tidal features.

Figure 2.13 shows the resulting asymmetry space for our CFHTLS-Wide sample
where 250 random examples are plotted per binary class. On the basis of visual in-
spection, [333] chose an empirical cut of Ag > 0.2 to select tidal galaxies. However, we
wanted to measure how the shape asymmetry method balances completeness and con-
tamination. To do this, I generated ROC curves using two methods (each generating
a slightly different curve). In the first method, I generalized the A > 0.2 sample cut
by making many sample cuts separated by dA,. The ROC curve is then calculated in
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Figure 2.12: Illustration of the non-parametric shape asymmetry method of Pawlik et
al 2016, applied to a galaxy in the CFHTLS-Wide sample. Left: stacked gri galaxy
image (logarithmically rescaled for illustration only). Right: binary mask of pixels
above 30 used to calculate shape asymmetry A;.
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Figure 2.13: Probability space generated by Pawlik method on 500 CFHTLS-Wide
galaxies from the A13 sample, illustrated by contours. Mask asymmetry is the shape
asymmetry A,. Galaxies are observed to follow a clear linear trend on the mask
asymmetry /asymmetry space, which we fit for interest only.
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the continuous limit 04 — 0. In the second method, I divided the galaxies into five
subsets, train a logistic regression classifier [336] implemented in scikit-learn on
four subsets, and make predictions on the remaining test partition. This is repeated
for each combination of partitions (i.e. five-fold cross-validation). The ROC curve is
calculated as the mean ROC curve over the test predictions for combination. To ver-
ify that the logistic regression classifiers are functioning correctly, Figure 2.13 shows

a contour plot of the mean estimated tidal probabilities.

2.4.2 Application of the WND-CHARM algorithm

WND-CHARM [326] is a general-purpose image classification algorithm. Like CNNs,
WND-CHARM was originally developed for other uses [326] and was only later applied
to astronomy. It has been successfully used to classify peculiar galaxies [380] and
general galaxy morphology [378] and so could be reasonably expected to perform well
on the problem of faint tidal debris.

WND-CHARM [326] calculates a pre-specified feature vector (list) of 1025 image
statistics, chosen to measure the contrast, texture and variation of the image. The
statistics used range from the coefficients of Chebyshev [153] polynomials approximat-
ing the image to Tamura textures measuring contrast, coarseness, and directionality
[413]. This may be seen as a generalisation of algorithms that use image features spec-
ified by domain experts (for example, random forests - see [127]). WND-CHARM then
uses the labels to identify which features are most discriminative between classes in the
training sample using the Fisher discriminant score [44], with the least discriminative
(lowest Fisher score) features discarded. Those features are then used to classify test
images using a novel variant of nearest neighbour classification [109] where distances
along each dimension (feature) are weighted according to how discriminative each fea-
ture is for the training set. WND-CHARM is publicly available as both a command-
line tool and Python API from https://github.com/wnd-charm/wnd-charm (for
which we thank the authors).

The augmentation procedure I created for our convolutional network (see Section
2.2.4) is designed to improve classifier performance. To provide a fair comparison, I
trained and tested WND-CHARM on two subsets of 25,000 images preprocessed and
augmented through the same procedure. I used a train-test split of 80% and 20%
respectively when selecting the original images used to generate these augmented

subsets.
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2.4.3 Overall Comparison

Figure 2.14 shows the completeness and contamination achieved by the three ap-
proaches (CNNs, shape asymmetry, and WND-CHARM) over many confidence thresh-
olds (not shown). Figure 2.15 summarises overall performance with the area under
each curve, known as the AUC score, for each method. The AUC score can be shown
to equal the probability that a randomly-chosen positive example (tidal galaxy) is
ranked higher than a randomly-chosen negative example (non-tidal galaxy), making
it a useful and common scalar summary metric of classifier quality [I8§]. For our
problem, the AUC score measures the probability that a random galaxy with tidal
features will correctly be recognised as being more likely to have such features than
another random galaxy without tidal features.

It is readily apparent that our CNNs have higher completeness and lower con-
tamination than either of the alternative methods investigated in this paper. The
ensemble configurations show the best overall performance, followed by the single-
classifier configuration. Of the alternative methods, shape asymmetry outperforms
WND-CHARM. All the methods tested definitively outperform random guessing.

The shape asymmetry method is found to be moderately effective in identifying
galaxies with faint tidal structure. However, the shape asymmetry method performs
less well for galaxies with minor A, and A, causing the gradient to subsequently
flatten as less confident predictions are included. Intuitively, this suggests that minor
asymmetries are not an effective distinguishing feature between tidal and non-tidal
galaxies. Extending shape asymmetry to use logistic regression rather than cuts
provides a small improvement.

WND-CHARM is found to be the least effective method investigated for identify-
ing galaxies with faint tidal features in CFHTLS-Wide sample. I speculate that its
poor performance may be a consequence of the macroscopic feature extraction step
employed in the algorithm. The ratio of image information content corresponding
to faint tidal features may be sufficiently low that WND-CHARM struggles to iden-
tify a genuinely predictive feature set amongst the ‘noise’ of the general morphology.
With an ability to investigate 1025 image features for correlations with labels, WND-
CHARM could be overfitting to image features that do not relate to tidal features
in the test data. However, WND-CHARM does show better performance than shape
asymmetry when using generous score thresholds to select a highly complete sample;
WND-CHARM achieves higher completeness at fixed contamination for contamina-

tion less than around 0.5, but still underperforms all the CNN approaches.
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Figure 2.14: The ROC curves for all classifiers tested on the A13 sample. All CNN-
based approaches substantially outperform other current methods. CNN ensembles
(Config. A, Config. B) outperform a single CNN.
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Figure 2.15: The ROC area-under-curve (AUC) values for all classifiers tested on
the A13 sample, summarising classifier performance. All CNN-based approaches sub-
stantially outperform other current methods. CNN ensembles (Config. A, Config. B)
outperform a single CNN.



2.5 Discussion

2.5.1 Heatmaps

A common criticism of CNNs, and deep learning in general, is that they are ‘black
box’ algorithms which are difficult to interpret. While the resultant classification is
readily apparent, how it was arrived at is usually less so. There is no clear link from
the properties of the galaxy features to the prediction made.

In order to establish if our method is truly identifying faint tidal features in the
way we intend, T decided to use prediction heatmaps [470]. Having established that
each ensemble offers comparable performance, I arbitrarily investigate Configuration
A (similar individual classifiers).

For a single image, a synthetic low surface brightness tidal structure is added into
a small area. First, a 5x5 grid of pixel values is sampled from a Gaussian distribution
with background variance and a mean 30 above the background which represents the
synthetic structure. Second, a random 5x5 pixel area in the original image is replaced
with our new structure.

Each time the structure is added, the new image (original plus synthetic structure)
is reclassified with an ensemble classifier and the change in tidal prediction from the
original image is recorded. By plotting the tidal predictions as a heatmap where each
pixel is the tidal prediction given a 5x5 synthetic structure at the location, one can
identify in which image regions the ensemble sensitive to small changes. The basic
assumption is that adding a tiny synthetic structure to a region that the network
prediction is highly sensitive (one might say, ‘suspects’ as being tidal) causes a much
greater increase in the tidal prediction for the whole image than adding such structure
to an otherwise non-tidal region.

Figure 2.16 shows one example. The input image is shown at the top left. After a
brief (5 epoch) training period, the heatmap is approximately a pixel-count-weighted
distribution. After training is complete (epoch 125), the heatmap shows the network
to have identified a linear feature at the bottom left corner of the image. Redisplaying
the original image on a logarithmic scale, we verify that there is indeed a low sur-
face brightness linear feature present at that location. This feature is detected and
localised by the network despite being sufficiently faint to be invisible to the eye on
the unscaled input image.

Our prediction heatmap demonstrates that the CNNs are identifying which image
pixels are associated with low surface brightness tidal features. This shows that

the CNNs are learning to perform the prediction task based on the image features
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Figure 2.16: Top left: a cleaned galaxy image without rescaling. Top right: the
heatmap from epoch 5. Bottom left: the heatmap from epoch 125. Bottom right:
cleaned image with logarithmic rescaling. Magenta denotes regions the network con-
siders non-tidal. Blue denotes neutral. Green through yellow through red denotes
increasing tidal confidence. Note that the synthetic tidal structure is only added
temporarily to alter the network predictions, and is not shown in any of the images
above.
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intended, rather than exploiting other features (‘shortcuts’, 1.1) which may cause
biases or other undesired behaviour.

Further, if the pixel associations are sufficiently reliable, this offers the potential
for automatic measurement of the sizes and shapes of tidal features. Once our CNNs
identify which pixels belong to tidal features, it would be straightforward to write
simple rule-based algorithms to calculate properties of interest to researchers. For
example, the length of tidal tails probes the shape of dark matter halo potential
[33, B03], and would be easily calculated given the pixels comprising those tails. One
could verify the reliability of such measurements with citizen science projects following
the style of e.g. Galaxy Zoo 3D (in prep - see Masters 2019 [291] for an outline).
Hendel and Johnston 2015 , citing simulation work by [204], writes ‘the population of
streams with different extents and surface brightnesses could conceptually be used to
ascertain the rates of minor mergers with different mass ratios’. Our CNN approach

could ultimately provide the measurements needed to do this in practice.

2.5.2 Training Data

The sophistication of the CNNs used in this paper is limited by the size of the train-
ing data. The expert labels from A13 contain 305 tidal galaxies spread over six
non-exclusive morphological classes of tidal feature. This scarcity of labelled exam-
ples places a fundamental limit on how much a convolutional network can generalise
and learn to recognise such features. Pre-processing, shallow network design, aug-
mentation and dropout are all necessary to achieve our classification performance.

Larger training sets would provide constraining information to support CNNs
with more free parameters. This in turn would allow for more complex predictions
about the input images. In principle, a CNN could directly localise tidal features with
bounding boxes ([189]), provide predictions for many different classes of tidal features
([391]), and estimate tidal parameters like the length of a tidal tail ([42§]). Our
heatmap experiment (Section 2.5.1) provides compelling evidence for the plausibility
of these applications if a sufficiently large training sample can be realised. I discuss
three possibilities for expanding the size of the training set, and ultimately enabling
these useful scientific applications, below.

Visually identifying large samples of galaxies with faint tidal structure is a daunt-
ing task given the relative rarity of such features at the typical surface brightness
levels of current wide-field datasets. Most studies agree that to a surface brightness
of u ~ 26.5 — 28 mag arcsec 2, roughly 10-20% of galaxies show evidence for faint
tidal features (e.g. A13, [177, 207, B08]. In order to create a training sample of even
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~ 10,000 tidal systems, more than 100,000 galaxies would need to be visually in-
spected. Crowd-sourcing efforts like Galaxy Zoo [265], 456] could be an effective way
to accomplish this. I note that tidal features from minor mergers and accretions are
often rather subtle in appearance and visual identifications typically require some de-
gree of interactive manipulation of pixel scaling and contrast. The success of projects
such as Planet Hunters TESS [112] [113] show that citizen scientists are more than able
to effectively manipulate interactive elements to solve complex classification tasks; I
think that future citizen science projects aiming to identify faint tidal features would
benefit greatly from including these elements. The accuracy of resulting tidal labels
would need to be carefully verified, perhaps by checking against a smaller expert cat-
alogue. Citizen science would also help mitigate the risk of a single expert producing
classifications that systematically deviate from other experts.

Alternatively, or in conjunction, one could use synthetic training data from simu-
lations. Individual tidal features can be simulated in exquisite detail (e.g. [167, 204]
and large-scale hydrodynamical simulations of galaxy formation now have the resolu-
tion to resolve these features in populations of several thousand galaxies (e.g. [345]).
With simulated data, mock observations could be made at many viewing angles and
surface brightness thresholds to provide an arbitrarily large training sample. However,
while simulations provide perfect information on tidal labels, the simulated images
may not be completely equivalent to real labelled images. The obvious challenge
is fidelity; simulations are unlikely to fully capture the development and evolution
of real tidal features, impairing the ability of the classifier to detect such features.
More subtly, the process of creating the synthetic images from the simulation may
also cause deviations between real and simulated galaxy images. Subsequent to the
publication of this work, [51] experimented with training CNN classifiers to detect
mergers using synthetic images from hydrodynamical simulations, and found that a
realistic treatment when inserting the simulated galaxies into sky images was impor-
tant to achieve good performance - even more so than the radiative transfer model in
the simulations themselves. That said, while these caveats suggest simulated images
may not be fully realistic, they may still be highly useful. Convolutional networks
are now routinely trained on simulated images for identifying and measuring strong
lenses (see e.g. [I71], 246, 256, B34, 341]). As the quality of simulations continue to
improve, I expect the use of simulated morphology images as supplementary training
data to become more common.

Finally, transfer learning provides an indirect method to include training data.

First, a convolutional network is trained to solve a related problem on an indepen-
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dent training set. The convolutional layers of the network become able to extract
features relevant to that related problem. Second, those feature-extracting layers are
used to construct a new convolutional network aimed at solving the target problem.
The filters learned by those feature-extracting layers may be useful to re-apply. For
example, learned filters that detect shapes and orientation on the related problem may
be helpful for the target problem (see [468]). The features learned by CNNs trained on
general galaxy morphology problems with far larger samples ([100} 1911 [456]) could be
particularly relevant for detecting faint tidal features. Ackermann et al. 2018 [6], con-
currently with the work shared in this chapter, used transfer learning in conjunction

with CNNs to automatically identify images of galaxy mergers.

2.5.3 Scaling

The ultimate purpose of our convolutional neural networks is to detect tidal features
in a large galaxy sample not previously classified. It is therefore important to ensure
that that this method scales.

Each ensemble classifier makes tidal predictions on the order of 100 galaxies per
second on a standard 2.4Ghz CPU, or approximately eight million galaxies per CPU-
day. This means that classifying forthcoming samples from LSST and Euclid, which
will be several orders-of-magnitude larger than the A13 sample, is computationally
feasible. Using GPUs would likely further increase speed, as GPUs are far more
efficient at calculating the matrix multiplications underlying deep learning; I use
GPUs extensively in the following chapters.

A13 manually removed images contaminated by stars, which would not be feasi-
ble for a large sample. However, automatic identification of contaminating stars is
straightforward [64], 223, 379, 397]. Current methods reach an AUC score exceeding
0.99 on comparable CFHT imaging [229]. For LSST-scale samples, one could use
such methods to automatically remove contaminating stars prior to application of
our convolutional neural network.

We decided to remove as uninformative 8% of images (136 of 1757) with expert
labels of exactly 50% confidence in tidal features. The performance metrics reported
apply only to this slightly cleaner sample. Assuming classifiers guess randomly for
such uncertain galaxies, and the true labels are equally random, the AUC scores of all
the methods discussed would be slightly lower. This does not affect our demonstration

of the relative strength of convolutional neural networks at detecting tidal features.
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2.5.4 Potential Bias

Scalability is only meaningful if we understand the biases involved in the classifica-
tions. Below, I discuss two important sources of bias that may be introduced by the
classifier.

In the first case, the classifier may perform particularly poorly at recognising some
classes of tidal features (e.g. streams or shells). It is crucial to understand these biases
so that they may be distinguished from genuine trends in the galaxy population. One
way to approach this would be to construct a ‘calibration’ catalogue where the true
tidal feature labels are known. This could be achieved through using multi-expert
visual classifications, or even synthetic data. Given a calibration catalogue, one can
measure how classifier performance varies for each tidal feature class. I presented the
performance of our classifier by tidal debris class in Section 2.2.7. Should some classes
be poorly recognised, one could either apply an appropriate correction or search for
additional examples of that tidal feature class to improve performance.

On the other hand, within any given dataset, bias may be triggered by the im-
age context. Experts understand that they should not consider bright foreground or
background objects, diffraction spikes or any other ‘artefacts” when making a classifi-
cation. CNNs have no such expertise unless inferred from the training data. Further
domain-specific augmentations could help the classifier avoid confusion from these
context biases. Adding synthetic observational effects would provide training ex-
amples to teach the classifier to ignore such effects and better handle, for example,

classifications of galaxies in crowded images.

2.6 Conclusion

In this chapter, I described using CNNs with dropout and augmentation to identify
galaxies in the CFHTLS-Wide Survey that have faint tidal features in their outer
regions. Learning the ideal features to extract from the pixel data and gradually
increasing the pixel scale of feature maps make CNNs effective at classifying features
in complex images. I have shown that appropriate preprocessing and augmentation
combined with a relatively shallow network architecture is key to avoiding overfitting
of the data. Randomised five-fold cross-validation verifies that these results are in-
dependent of which images are selected for training and which for testing. Training
and testing five uniquely-instantiated CNNs in two different ensemble configurations
confirms that these results are statistically reliable and do not result from a fortu-

itous instantiation of initial weights. Through adding mock tidal features, I have
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shown that this method highlights image features that are found to be discriminatory
without applying a parametric model.

Comparing the performance of our classifiers against previously-published expert
visual classifications, our method achieves high (76%) completeness and low (20%)
contamination. It also performs considerably better than other automated meth-
ods recently applied in the literature, namely the shape asymmetry method, a non-
parametric approach developed for identifying post-merger galaxies by [333]), and
WND-CHRM, a generic machine learning approach previously applied to image clas-
sification in astronomy ([380]).

This demonstration of the effectiveness of CNNs represents a significant step for-
ward in developing a fully-automated method for faint tidal feature detection in galax-
ies. Indeed, most work in detecting and classifying low surface brightness tidal features
in galaxies was, at the time our work was first published, wholly or partially dependent
on expert visual identification (e.g. Kado-Fong et al. 2018 [207], Hood et al. 2018 [177],
Morales et al. 2018 [308]) - and this remains true today (e.g. Bilek et al. 2020 [42]).
Expert visual classification alone is completely inadequate for the next-generation of
deep wide field surveys, such as LSST and Euclid, which will cover ~ 15,000 — 20, 000
square degrees at unprecedented photometric depth [248] [359]. Encouragingly, the
use of deep learning for detecting mergers has become common (see e.g. Bottrell et al.
2019 [51], Pearson et al. 2019 [335], Ferreira et al. 2020 [125], Ciprijanovic et al. 2020
[79]) and T expect this trend will ultimately extend to low surface brightness features.
While a limiting factor is the lack of currently-available training data, the use of ei-
ther citizen science labels, simulation data or transfer learning are potential ways to
address this. The development of a robust and efficient method to not only identify,
but also characterise, faint tidal features around galaxies will enable the record of
minor mergers and interactions to be mined in very large statistical samples. This
will provide unique and previously inaccessible insight into the history of the galaxy
population over cosmic time and facilitate the much-anticipated revolution that next

generation facilities promise in terms of quantitative low surface brightness science.
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Chapter 3

Probabilistic Galaxy Morphology
through Bayesian CNNs and
Active Learning

3.1 Probabilistic Classification

3.1.1 Introduction

Morphology is a key driver and tracer of galaxy evolution. For example, bars are
thought to move gas inwards [368] either driving or shutting down star formation
[200, B85], and bulges are linked to global quenching [45, 122, 293] and inside-out
quenching [261) 400]. Morphology also records other key star formation drivers such
as the merger history of a galaxy. Mergers contribute to galaxy assembly [288] [44§],
though their relative contribution is an open question [74], and may create tidal
features, bulges, and disks, allowing past mergers to be identified [58, 133, 179, 219].
I introduced a new method to detect such tidal features in Chapter 2

Unpicking the complex interplay between morphology and galaxy evolution re-
quires measurements of detailed morphology in large samples. While modern surveys
reveal exquisite morphological detail, they image far more galaxies than scientists
can visually classify. Galaxy Zoo solves this problem by asking members of the
public to volunteer as ‘citizen scientists’ and provide classifications through a web
interface. Galaxy Zoo has provided morphology measurements for surveys including
SDSS [265], 456] and large HST programs [389] 459).

Knowing the morphology of homogeneous samples of hundreds of thousands of
galaxies supports science only possible at scale. The catalogues produced by the
collective effort of Galaxy Zoo volunteers have been used as the foundation of a large

number of studies of galaxy morphology [295]. Galaxy Zoo measures subtle effects
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in large populations [158] 292, 458]; identifies unusual populations that challenge
standard astrophysics [240], 390, 426]; and finds unexpected and interesting objects
that provide unique data on broader galaxy evolution questions [69, 221, 266].

Galaxy Zoo was created because SDSS-scale surveys could not be visually classified
by professional astronomers [265]. In turn, Galaxy Zoo is being gradually outpaced
by the increasing scale of modern surveys like DES [130], PanSTARRS [208], the Kilo-
Degree Survey [95], and Hyper Suprime-Cam [I3]. Each of these surveys can each
image galaxies as fast or faster than those galaxies are being classified by volunteers.
For example, DECaLS [99], the focus of chapter 4, contains (as of Data Release
5) approximately 350,000 galaxies suitable for detailed morphological classification
(applying r < 17 and petroR90_1f| > 3 arcsec, the cuts used for Galaxy Zoo 2 [456]).
Collecting 40 independent volunteer classifications for each galaxy, as for Galaxy Zoo
2, would take approximately eight years without further promotion efforts - by which
time we expect new surveys to start. The Galaxy Zoo science team must therefore
both judiciously select which surveys to classify and, for the selected surveys, reduce
the number of independent classifications per galaxy. The speed at which galaxies can
be classified severely limits the scale, detail, and quality of morphology catalogues,
diminishing the scientific value of such surveys.

The next generation of surveys will make this speed limitation even more stark.
Euclidﬂ, the Vera Rubin Observatoryﬂ and the Roman Space Telescope ﬁ are expected
to resolve the morphology of unprecedented numbers of galaxies. This could be revo-
lutionary for our understanding of galaxy evolution, but only if such galaxies can be
classified. The future of morphology research therefore inevitably relies on automated
classification methods. Given a working prediction algorithm, the time required to
classify new galaxies becomes proportional to computation, rather than human time,
and computation is cheap. The challenge is typically in creating that algorithm; deep
learning methods in particular are often data-hungry due to dimensionality (Sec. 1.2).
In the previous chapter, I mitigated this need for large training sets by using data
augmentations and a relatively small model (Sec. 2.2.3-2.2.4). In this and the follow-
ing chapter, I develop more sophisticated approaches. Automated classification also
brings new opportunities which I feel are likely to dramatically reshape the field of

galaxy morphology; see Sec. 4.8 for a discussion.

lpetroR90_r is the Petrosian radius which contains 90% of the r-band flux
215,000 deg? at 0.30” half-light radius PSF from 2022, [248]

318,000 deg? to 0.39” half-light radius PSF from 2023, [275]

42,000 deg? at 0.12” half-light radius PSF from approx. 2025, [399]
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Automated classification of galaxies has a long history. I previously described
(Sec. 2.1) non-parametric methods designed to distinguish galaxies of different mor-
phologies; notably Concentration C and Asymmetry A by Abraham et al. 1994 [5]
Pl Smoothness by Conselice 2003 [84], Gini and Mg by Lotz et al. 2004 [270], and
Multi-Mode, Intensity, and Deviation by Freeman et al. 2013 [139]. As the number
of possible non-parametric measurements grew, researchers began combining them
by finding decision boundaries with low-dimensional machine learning methods in-
cluding principal component analysis [340, B71] and (at the time, recently invented)
support-vector machines [190], 190, [193].

In parallel, starting around 1990, astronomers became interested in neural net-
works (Sec. 1.3). Classifying galaxy morphology was one of the first applications.
Storrie-Lombardi et al. 1992 [407] were the first to use neural networks to classify
galaxies, writing that ‘such automated procedures are the only practical way of classi-
fying the enormous amounts of data produced by machine scans of Schmidt plates’ - il-
lustrating how ‘big data’ is not a new problem. Early neural networks [29] 311 242, [312]
primarily used parametric features such as colours, axial ratios and de Vaucouleurs
exponents [97] previously derived for galaxy catalogues (e.g. [247, 467]).

Both parametric and non-parametric features suffer from intrinsic limitations in
their ability to detect specific morphological features, as I previously discussed in Sec.
2.1. The basic issue is that images of galaxies are difficult to summarise with a few
numbers. Adding machine learning to interpret or combine those numbers does not
resolve this. Odewahn et al. 2002 writes ‘it must be conceded that none of these
systems are truly morphological in natureﬁ

Convolutional neural networks (CNNs), in contrast, learn to detect features di-
rectly from pixel data. I previously gave a general introduction to the advantages of
CNNs (Sec. 1.2) and their use in astronomy, including for inference on galaxy images
(Sec. 1.3); here, I focus on the application of CNNs for classifying galaxy morphol-
ogy. The first use of CNNs in astronomy was for morphology; Dieleman et al. 2015
[100] reproduced Galaxy Zoo 2 votes to win the Kaggle ‘Galaxy Challengeﬂ Huertas-
Company et al. 2015 [191] followed shortly after, using almost the same architecture to
predict expert classifications of Kartaltepe et al. 2015 for higher redshift (z = 0.5—3)

5Abraham et al. 1994 was partly motivated by practicality, writing: ‘automated morphologi-
cal classifications based on the central concentration of light are much simpler to implement than
automated classifications based on the Hubble system’

60Odewhan et. al. writes in relation to machine learning with non-parametric features, but the
same argument applies to parametric features

"https://www.kaggle.com/c/galaxy-zoo-the-galaxy-challenge
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CANDELS galaxies. CNNs have since become the standard approach. More recent
work applies CNNs to classify morphology in new surveys [227, (339, [370] and simu-
lations [194], or to identify interesting populations like mergers [6] and high-redshift
starforming galaxies [192]. CNNs have also been used at other wavelengths, being used
to divide galaxies by radio morphology features like Fanaroff-Riley jets [279, [416] and
even for IR/radio source cross-matching and classification [461]. Recent comparison
experiments have conclusively shown that CNNs make more accurate predictions of
Galaxy Zoo volunteer responses than low-dimensional models [32] [76].

However, despite major progress in raw performance, the increasing complexity of
automated classification methods poses a problem for scientific inquiry (Sec. 1.1). The
CNNs used in previous work do not account for uncertainty in training labels, limiting
their ability to learn from all available labelled galaxies (one common approach is to
train only on ‘clean’ subsets). Further, these CNNs were not typically designed to
make probabilistic predictions (though they have sometimes been interpreted as such),
limiting the reliability of conclusions drawn using such methods.

In this chapter, first published in Walmsley et al. 2020 [445], my co-authors and I
combine a novel generative model of volunteer responses with Monte Carlo dropout
[T41] to create Bayesian CNNs that predict posteriors for the morphology of each
galaxy. Posteriors are crucial for drawing statistical conclusions that account for
uncertainty, and so including posteriors significantly increases the scientific value of
morphology catalogues. Posteriors also allow our Bayesian CNN to account for vary-
ing (i.e. heteroskedastic) uncertainty in volunteer responses, making maximal use of
the available data.

3.1.2 Motivating Example - Overconfident Bar Predictions

CNN predictions are not (in general) well-calibrated probabilities [155, 243]. Given
the extensive success of CNN at accurately predicting galaxy morphologies, one might
wonder - does that matter? The reason that accuracy is insufficient without cali-
bration is that poorly-calibrated probabilities may cause systematic errors in later
analysis, even if the model is quite accurate overall. To illustrate this problem, and
emphasise the advantages of using probabilistic methods, I describe here an exper-
iment showing that the CNN probabilities published in DS+18 [370] significantly
overestimate the prevalence of expert-classified barred galaxies. I chose DS+18 as the
most recent deep learning morphology catalogue made publicly available, and thank

the authors for their openness. I do not believe this issue is unique to DS+18.
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Figure 3.1: Predictions for the total number of galaxies labelled as ‘Bar’ by human
expert NA10 in test galaxy subset (correct answer: 379). The predictions of DS+18
overestimate the number of Nair Bars (559). GZ2 vote fractions from volunteers can
be used to make an improved estimate (396) with a rescaling correction calculated
via logistic regression (GZ2 Humans + LR). Applying the same correction to the
vote fractions predicted by the Bayesian CNN in this work (MW+19) also produces
an improved estimate (372). By accurately predicting the vote fractions, and then
applying a correction to map from vote fractions to expert responses, one can predict
what NA10 would have said for the full SDSS sample.

DS+18 trained a CNN to predict the probability that a galaxy is barred (DS+18
Section 5.3). Barred galaxies were defined as those galaxies labelled as having any
kind of bar (weak/intermediate/strong) in the expert catalogue by Nair and Abraham
(2010) (NA10). I refer to such galaxies as Nair Bars. I chose to investigate this
particular DS418 model because it explicitly aims to reproduce the (expert) NA10
classifications, allowing for a direct comparison of the predicted probabilities against
the true labels. Such a comparison is not straightforward for other DS+18 models
because they aim to improve upon (crowdsourced) labels.

For my experiment, I selected a random subset of 1211 galaxies classified by NA10
(this subset is motivated below). How many barred galaxies are in this subset? The
DS+18 Nair Bar ‘probabilities’ p; (for each galaxy i) predict ), p; = 559 Nair Bars.
However, only 379 are actually Nair Bars (Figure 3.1). This error is caused by the
DS+18 Nair Bar ‘probabilities” being, on average, skewed towards predicting ‘Bar’,
as shown by the calibration curve of the DS+18 Nair Bar probabilities (Figure 3.2).
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How can we better predict the total number of Nair Bars? GZ2 collected volunteer
responses for many galaxies classified by NA10 (6,051 of 14,034 match within 5",
after filtering for total ‘Bar?’ votes Ny, > 10 - see chapter 3.1.8). The fraction of
volunteers who responded ‘Bar’ to the question ‘Bar?’ is predictive of Nair Bars,
but is not a probability [265]. For example, volunteers are less able to recognise
weak bars than experts [294], and hence the ‘Bar’ vote fraction only slightly increases
for galaxies with weak Nair Bars versus galaxies without. We need to rescale the
GZ2 vote fractions. To do this, I divided the NA10 catalogue into 80% train and
20% test subsets and used the train subset to fit (via logistic regression) a rescaling
function (Figure 3.3) mapping GZ2 vote fractions to p(Nair Bar|GZ2 Fraction). I
then evaluated the calibration of these probabilities on the test subset, which is the
subset of 1211 galaxies used above. The rescaled volunteer votes predict 396 Nair
Bars, which compares well with the correct answer of 379 versus the DS+18 answer
of 559 (Figure 3.1). This directly demonstrates that our rescaled GZ2 predictions
are correctly calibrated over the full test subset. The calibration curve shows no
systematic skew, unlike DS+18 (Figure 3.2).

The rescaled volunteer votes imply the correct number of expert bars, but we
cannot expect to always have such votes; ultimately, we need an automated classifier
(Sec. 3.1.1). Since the GZ2 vote fractions can be rescaled to Nair Bar probabilities,
automated vote fraction predictions could be converted to Nair Bar probabilities
using the same rescaling function. In the remainder of this chapter, I will introduce a
Bayesian CNN which makes vote fraction predictions. Those vote fraction predictions
from my final Bayesian CNN ultimately correctly estimate the count of Nair Bars (372
bars predicted versus 379 observed bars, Figure 3.1).

3.1.3 Probabilistic Framework for Galaxy Zoo

I have shown above that probabilistic predictions are important for drawing reliable
scientific conclusions. Next, I describe how I approached making probabilistic predic-
tions for Galaxy Zoo volunteers.

Within the context of machine learning, the uncertainty in a prediction is often
divided into two parts; epistemic uncertainty and aleatoric uncertainty [222]. Epis-
temic uncertainty is uncertainty from the model’s limited knowledge about the world
- perhaps the model has not ‘seen’ a particular kind of galaxy before, for example.
Expanding the training set will better inform the model and better constrain its pa-
rameters, reducing epistemic uncertainty. Accounting for epistemic uncertainty is

challenging for supervised deep learning; I return to this issue in Sec. 3.1.5. Aleatoric

o7



1.0 | —e— GZ2 Humans + LR "
o~ DS+18 CNN -
08 —i— MW+19 CHNMN
- === Perfect
i)
m
= 06
2
=
m 04
g
I
0.2
oo | -7
0.0 0.2 0.4 06 0.8 1.0
Predicted p(Mair Bar)
GZ2 Humans + LR
n 400 DS+18 CHM
% MW+18 CNN
E B I —
0
0.0 02 0.4 06 0.8 1.0

Predicted p(Mair Bar)

Figure 3.2: Above: Comparison of calibration curves for each predictive model. The
calibration curve is calculated by binning the predicted probabilities and counting the
fraction of Nair Bars in each bin. The fraction of Nair Bars in a given bin approximates
the true (frequentist) probability of each binned galaxy being a Nair Bar. Points
compare the predicted fraction of Nair Bars (x axis) with the actual fraction (y axis)
for 5 equally-spaced bins. For well-calibrated probabilities, the predicted and actual
fractions are equal (black dashed line). Below: the distribution of Nair Bar predictions
from each model. DS+18 typically predicts p ~ 0.4 (below) and has a relatively poor
calibration near p ~ 0.4 (above), leading to a significant overestimate of the total
number of Nair Bars.
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uncertainty is uncertainty intrinsic to the data (‘aleator’ is Latin for ‘dice-thrower’).
Aleatoric uncertainty is fixed - one cannot predict a dice throw no matter how much
training data is collected. E| Aleatoric uncertainty is an important aspect of predict-
ing galaxy morphology with Galaxy Zoo because volunteer vote fractions are het-
eroskedastic; they have different aleatoric uncertainties. For a given question, many
galaxies receive answers from only a few volunteers (see Figure 3.5) and so have a
far higher variance in their vote fractions. However, previous work has overlooked
this heteroskedasticity. For example, the Kaggle Galaxy Zoo Challenge [100] asked
participants to minimise the root-mean-square error (summed over all answers). Min-
imising the closely-related mean-squared-error loss function is trivially equivalent to
maximising the likelihood of the observed labels under Gaussian noise of constant
variance. The assumption of constant variance is problematic here.

Nix and Weigend 1994 [321] introduced the idea of explicitly interpreting model
outputs as Gaussian distributions, predicting both a mean and variance for each
datapoint. This allowed the variance to be learned as function of the data; in other
words, for the model to express degrees of confidence in each prediction. This idea has
since used widely, including for Gaussian Processes [251] and CNNs [222]. Predicting
Gaussians for Galaxy Zoo would not have been ideal as the vote fractions are defined
on the [0, 1] unit interval, while Gaussians are defined on R. I could have truncated
them and constrained the means with a sigmoid, but this felt inelegant. Instead, I
chose to use a more appropriate distribution; a Binomial.

The statistical model I introduced is derived as follows. Formally, each Galaxy
Zoo decision tree question asks /N; volunteers to view galaxy image x; and select the
most appropriate answer A; from the available answers { A}. This reduces to a binary
choice; where there are more than two available answers (|[{A}| > 2), one can consider
each volunteer response as either A; (positive response) or not A, (negative response).
A binary model is therefore useful for questions with any number of answers.

Let k;; be the number of volunteers (out of N;) observed to answer A; for image z;.
Aassume that there is a true fraction p;; of the population (i.e. all possible volunteers)
who would give the answer A; for image z;. Also assume that volunteers are drawn
uniformly from this population, so that if one asks /NV; volunteers about image x;, one

expects that the distribution over the number of positive answers k;; to be binomial:

8The physicist reader may note that dice throws are entirely predictable given sufficient measure-
ments. Aleatoric uncertainty might be better described to physicists as measurement uncertainty.
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p(kijlij, Ni) = (k~>pij (1— pi)Nihs (3.2)

This is the model I used for how each volunteer response k;; was generated. Note

that p;; is a latent variable: one only observe the responses k;;, never p;; itself.

3.1.4 Probabilistic Prediction with CNNs

I used this novel generative model to infer the likelihood of observing a particular k
for each galaxy x, described below. For brevity, I omit subscripts.
Consider the scalar output from a neural network f*(z) as a (deterministic) pre-

diction for p, and hence a probabilistic prediction for k:

p(k|z,w) = Bin(k| f*(x), N) (3.3)

For each labelled galaxy, k positive responses are recorded from Galaxy Zoo vol-
unteers. Ideally, one would like to find the network weights w such that p(k|z, N) is

maximised (i.e. to make a maximum likelihood estimate given the observations):
max|[p(k|z,w)] = max([Bin(k|f*(z), N)] (3.4)

= mfx[log (2() + klog f¥(z) + (N — k) log(1 — f“(x))] (3.5)

The combinatorial term is fixed and hence the objective function to minimise is
L =klog f“(z)+ (N — k)log(1 — f“(x)) (3.6)

One can create a probabilistic model for k& by optimising the network to make
maximum likelihood estimates p = f*(x) for the latent parameter p from which & is
drawn.

In short, each network w predicts the response probability p that a random vol-

unteer will select a given answer for a given image.

3.1.5 From Probabilistic to Bayesian CNN

My approach above leads to a model that accounts for the aleatoric counting uncer-
tainty in the volunteer vote fractions. I now return to considering epistemic uncer-
tainty; uncertainty from lack of knowledge about the world, or more formally, lack
of constraints on the model weights. Handling epistemic uncertainty is the focus of
Bayesian deep learning, which aims to place distributions over the model weights

p(w|D) (intuitively, how likely each possible model is). This is important because to
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predict a Bayesian posterior of k given D, one should marginalise over these weight

distributions:

MM%D%i/MM%WMMDWw (3.7)

Unfortunately, in practice, you do not know the weight distributions. You only
observe the single model that was actually trained. Bayesian deep learning prac-
titioners have attempted to work around this limitation through various means, in-
cluding placing approximating distributions gy over the weights (variational inference,
[46], 154, 174]) and specialised forms of Hamiltonian Monte Carlo sampling [316, 451].
These achieved some success but generally suffer from a high computational cost
for all but the simplest networks or approximating distributions. Instead, Gal 2016
[141] suggested using dropout [404] as an alternative. Dropout is a regularization
method that temporarily removes random neurons according to a Bernoulli distri-
bution, where the probability of removal (‘dropout rate’) is a hyperparameter to be
chosen. Dropout may be interpreted as taking the trained model and permuting it
into a different one [404]. Gal 2016 [141] introduced the approach of approximating
the distributions of models one might have trained, but didn’t, with the distribution
of models from applying dropout:

p(w|D) ~ ¢* (3.8)

removing neurons according to dropout distribution ¢*. This is the Monte Carlo
Dropout approximation (hereafter MC Dropout). It can be shown that MC Dropout is
theoretically equivalent to performing variational inference over the network weights,
albeit with an unbounded approximation error [141]. Of more interest to the prag-
matic astronomer, MC Dropout uncertainty estimates are both straightforward to
calculate and moderately accurate [143].

Choosing the dropout rate affects the approximation; greater dropout rates lead
the model to estimate higher uncertainties (on average) [142]. Following convention, I
arbitrarily chose a dropout rate of 0.5. I discuss the implications of using an arbitrary
dropout rate, and opportunities for improvement, in Section 3.3.

Applying MC Dropout to marginalise over models (Eqn. 3.7):

MM%D%:/p%MwMWw (3.9)

In practice, following Gal 2016 , predictions are made by sampling from ¢* with

T forward passes using dropout at test time (i.e. Monte Carlo integration):
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MC Dropout improves predicted posteriors by (approximately) marginalising over
the possible models that might have been trained.

To demonstrate the probabilistic model and the use of MC Dropout, I trained
models to predict volunteer responses to the ‘Smooth or Featured’ and ‘Bar’ questions
on Galaxy Zoo 2 (Section 3.1.7).

3.1.6 Data - Galaxy Zoo 2

Galaxy Zoo 2 (GZ2) classified all 304,122 galaxies from the Sloan Digital Sky Survey
(SDSS) DR7 Main Galaxy Sample [3, 408] with 7 < 17 and petroR90_1’| > 3 arcsec.
Classifying 304,122 galaxies required ~ 60 million volunteer responses collected over
14 months.

GZ2 is the largest homogenous galaxy sample with reliable measurements of de-
tailed morphology, and hence was an ideal data source for this work. GZ2 has been
extensively used as a benchmark to compare machine learning methods for classify-
ing galaxy morphology. The original GZ2 data release [456] included comparisons
with (pre-CNN) machine learning methods by Baillard et al. 2011 [27] and Huertas-
Company et al. 2011 [193]. GZ2 subsequently provided the data for seminal work
on CNN morphology classification [I00] and continues to be used for validating new
approaches [227, 370].

I used the ‘original’ subset of the ‘GZ2 normal-depth sample’ catalogue (hereafter
‘GZ2 catalogue’), available from data.galaxyzoo.org [I57]. This excludes galaxies
fainter than r < 17, explicitly excludes galaxies in stripe82, and requires spectroscopic
redshift measurements. I downloaded the images shown to volunteers using an internal
catalogue of the image URLs; the images have subsequently been made available at
[457].

The GZ2 catalogue provides aggregate volunteer responses at each of the three
post-processing stages: raw vote counts (and derived vote fractions), consensus vote
fractions, and redshift-debiased vote fractions. The raw vote counts are simply the
number of users who selected each answer. The consensus vote fractions are calculated
by iteratively re-weighting each user based on their overall agreement with other users.
The debiased fractions estimate how the galaxy would have been classified if viewed
at z = 0.03 [I57]. Unlike recent work [227], 370], I chose to use the raw vote counts.

9petroR90_r is the Petrosian radius which contains 90% of the r-band flux
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The redshift-debiased fractions estimate the true morphology of a galaxy, not what
the image actually shows. To predict what volunteers would say about an image, in
my view, one should only consider what the volunteers see. I believe that debiasing
is better applied after predicting responses, not before. The performance metrics in
this chapter are therefore not directly comparable to those of [370] and [227], who use

the debiased fractions as ground truth.

3.1.7 Application
3.1.7.1 Tasks

To test the probabilistic CNNs, I predicted volunteer responses for the ‘Smooth or
Featured’ and ‘Bar’ questions.

The ‘Smooth or Featured’ question asks volunteers ‘Is the galaxy simply smooth
and rounded, with no sign of a disk?’ with (commoan_UD answers ‘Smooth’ and ‘Fea-
tured or Disk’. As ‘Smooth or Featured’ is the first decision tree question, this
question is always asked, and therefore every galaxy has ~ 40 ‘Smooth or Featured®
responseﬂ With N fixed to ~ 40 responses, the loss function (Eqn. 3.6) depends
only on k (for a given model w).

The ‘Bar’ question asks volunteers ‘Is there a sign of a bar feature through the
centre of the galaxy?’ with answers ‘Bar (Yes)” and ‘No Bar’. Because ‘Bar’ is only
asked if volunteers respond ‘Featured’ and ‘Not Edge-On’ to previous questions, each
galaxy can have anywhere from 0 to 40 total responses — typically around 10 (Figure
3.5). This scenario is common; only 2 questions are always asked, and most questions
have N << 40 total responses (Figure 3.5). Building probabilistic CNNs that learn
better by appreciating the varying count uncertainty in volunteer responses is a key

advantage of the design developed here.

3.1.7.2 Architecture

The CNN architecture I used is shown in Figure 3.6. This architecture was inspired by
VGG16 [391], but scaled down to be shallower and narrower to fit our computational
budget. I used a softmax final layer to ensure the predicted typical vote fraction p

lies between 0 and 1, as required by our binomial loss function (Equation 3.6).

10¢Smooth or Featured’ includes a third ‘Artifact’ answer. However, artifacts are sufficiently rare
(0.08% of objects have ‘Artifact’ as the majority response) that predicting ‘Smooth’ or ‘Not Smooth’
is sufficient to separate smooth and featured galaxies in practice.

"Technical limitations and rare artifacts during GZ2 caused 26,530 galaxies to have N < 36
(excluding ‘Artifact’ responses). We exclude these galaxies for simplicity.
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Figure 3.5: Mean responses (V) by GZ2 question. Being the first question, ‘Smooth
or Featured’ has an unusually high (~ 40) number of responses. Most questions (6 of
11), including ‘Bar’, are only asked for ‘Featured’ galaxies, and hence have only ~ 10
responses. Training CNNs while accounting for the label uncertainty caused by low
N responses is a key goal of this work.

During this work, I was primarily concerned with accounting for label uncertainty
and predicting posteriors, rather than maximising performance metrics. That said,
the final model is competitive with, or outperforms, previous work (Section 3.1.9.1).
Overall performance can likely be significantly improved with more recent architec-
tures [162] 187, [411] and a correspondingly larger computational budget. I go on to

improve the architecture in chapter 4.

3.1.7.3 Augmentations

To generate the training and test images, I resized the original 424x424x3 pixel GZ2
png images shown to volunteers into 256x256x3 uint8 [ matrices and saved these
matrices in TFRecords (to facilitate rapid loading). When serving training images to

the model, the following transformations are applied to each image:

1. Average over channels to create a greyscale image

2. Perform random horizontal and/or vertical flips

12Unsigned 8-bit integer i.e. 0-255 inclusive. After rescaling, this is sufficient to express the dy-
namic range of the images (as judged by visual inspection) while significantly reducing memory
requirements versus the original 32-bit float flux measurements.
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Figure 3.6: The CNN architecture used throughout. The input image, after applying
augmentations (Section 3.1.7.3), is of dimension 128x128x1. The first pair of convo-
lutional layers are each of dimension 128x128x32 with 3x3 kernels. These are reduced
by max-pooling for a second pair of convolutional layers of dimension 64x64x32 with
3x3 kernels, then again to a final pair of dimension 32x32x16 with 3x3 kernels. The

network ends with a 128-neuron linear dense layer and a 2-neuron softmax dense
layer.

3. Rotate through an angle randomly selected from 0t090 (using nearest-neighbour

interpolation to fill pixels)

4. Adjust the image contrast to a contrast uniformly selected from 98% to 102%

of the original contrast

5. Crop either randomly (‘Smooth or Featured’) or centrally (‘Bar’) according to a
zoom level uniformly selected from 1.1x to 1.3x (‘Smooth or Featured’) or 1.7x
to 1.9x (‘Bar’)

6. Resize to a target size of 128x128(x1)

I trained the network on greyscale images because colour is often predictive of
galaxy type (E and SO are predominantly redder, while S are bluer, [358]) and I
wanted to ensure that our classifier does not learn to make biased predictions from this
correlation. For example, a galaxy should be classified as smooth because it appears
smooth, and not because it is red and therefore more likely to be smooth. Otherwise,
any later research investigating correlations between morphology and colour would
be biased.
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Random flips, rotations, contrast adjustment, and zooms (via crops) help the
CNN learn that predictions should be invariant to these transformations - predictions
should not change because the image is flipped, for example. I chose a higher zoom
level for ‘Bar’ because the original image radius for GZ2 was designed to show the
full galaxy and any immediate neighbours [456] yet bars are generally found in the
centre of galaxies [240]. The ‘Bar’ classification should be invariant to all but the
central region of the image, and so I chose to sacrifice the outer regions in favour of
increased resolution in the centre. Cropping and resizing are performed last to min-
imise resolution loss due to aliasing. Images are resized to match the computational
budget available.

These augmentations are also applied at test time. This marginalises over any un-
learned invariance using MC Dropout, as part of marginalising over networks (Section
3.1.5). Each permuted network makes predictions on a uniquely-augmented image.
The aggregated posterior (over many forward passes T) is therefore independent of

orientation (for example), enforcing domain knowledge.

3.1.8 Experimental Setup

For each question, 2500 galaxies are randomly selected as a test subset and the model
is trained on the remaining galaxies (following the selection criteria described in Sec-
tion 3.1.6). Unlike [370] and [227], I did not select a ‘clean’ sample of galaxies with
extreme vote fractions on which to train. Instead, I took full advantage of the re-
sponses collected for every galaxy by carefully accounting for the vote uncertainty in
galaxies with fewer responses (Eqn 3.6).

For ‘Smooth or Featured’, I used a final training sample of 176,328 galaxies. For
‘Bar’, T trained and tested only on galaxies with Ny, > 10 (56,048 galaxies). Without
applying this cut, models fail to learn; performance fails to improve from random
initialisation. This may be because galaxies with N, < 10 must have kfaturea < 10
and so are almost all smooth and unbarred, leading to increasingly unbalanced typical
vote fractions p. I solve this issue with a new statistical description of volunteers in
chapter 4.

I trained the models on an Amazon Web Services (AWS) p2.xlarge EC2 instance
with an NVIDIA K80 GPU. Training a model from random initialisation takes ap-
proximately eight hours. I then used the trained models to make predictions p for
the typical vote fraction p of each galaxy in the test subsets. Finally, I evaluated
performance by comparing p(k|p, V), the posterior for k positive responses from N

volunteers, with the observed k£ from the N Galaxy Zoo volunteers asked.
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3.1.9 Results

The probabilistic CNNs I developed produce posteriors that are reliable and informa-
tive.

Figures 3.7 and 3.8 show our posteriors for ‘Smooth or Featured’ and ‘Bar’, re-
spectively. For each question, I show a random selection of posteriors from either 1 or
30 MC Dropout forward passes (i.e. 1 or 30 MC-dropout-approximated ‘networks’).

Without MC Dropout, the posteriors are binomial. The spread of each posterior
reflects two effects. First, the spread reflects the extremity of p that previous authors
have expressed as ‘volunteer agreement’ or ‘confidence’ [100, B70]. Bin(k|p, N) is
narrower where p is close to 0 or 1. Second, the spread reflects N, the number of
volunteers asked. For ‘Smooth or Featured’, where N is approximately fixed, this
second effect is minor. For ‘Bar’, where N varies significantly between 10 and ~ 40,
the posteriors are more spread (less precise) where fewer volunteers have been asked.

With MC Dropout, the posteriors are a superposition of Binomials from each
forward pass, each centered on a different p;. In consequence, the MC Dropout
posteriors are more uncertain. This is expected; I believe that marginalising over
weights and augmentations causes the predictions to broaden.

Given that each single network is relatively confident and the MC-dropout-marginalised
model is relatively uncertain, which should be used? I argued in section 3.1.2 that
one should prefer predictions that are well-calibrated i.e. which reflect the true un-
certainty in the predictions. To quantify calibration, I introduced a novel method;
comparing the predicted and observed vote fractions % within increasing ranges of

acceptable error. I outline this procedure below.

Choose some maximum acceptable error € in predicting each vote fraction v = %
Over all galaxies, sum the total probability (from our predicted posteriors) that v; =
v; £ € for each galaxy 7. This is the expected count: how many galaxies the posterior
suggests should have v within € of the model prediction v. For example, the ‘Bar’
model expects 2320 of 2500 galaxies in the ‘Bar’ test set to have an observed v within

+0.20 of .

galaxlcs J <k+N6

expected Z Z j|p27 i (311)

i j>k—Ne
Next, over all galaxies, count how often v; is within that maximum error v; = v;+te.

This is the ‘actual’ count: how many galaxies are actually observed to have v; within

68



Model Posteriors
—— Posterior —— Posterior
—— Observed —— Observed

W\

p(kIN, w)
p(kIN, D)

p(K|N, D)

p(kIN, w)
N

\_
J\

p(KIN, w)
p(k|N, D)

p(KIN, w)
p(k|N, D)

p(kIN, w)
p(k|N, D)

p(KIN, D)

-

0 20 40 0 20 40
k 'Smooth' votes, of N total k 'Smooth' votes, of N total

p(k|N, w) ,
p(K|N, D)

p(KIN, w)

Figure 3.7: Posteriors for k of N volunteers answering ‘Smooth’ to the question
‘Smooth or Featured?’). Each row is a randomly selected galaxy. Overplotted in red
is the actual k£ measured from N ~ 40 volunteers. The left column shows the galaxy in
question, shown in colour here but greyscale to the network. The central column shows
the posterior predicted by a single network (black), while the right column shows
the posterior marginalised (averaged) over 30 MC-dropout-approximated ‘networks’
(green) as well as from each ‘network’ (grey). While the posterior from a single
network is fixed to a binomial form, the marginalised posteriors from many ‘networks’
can take any form. The posterior from a single network is generally more confident
(narrower); I later show that a single network is overconfident, and many ‘networks’
are better calibrated.
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Figure 3.8: As for Figure 3.7, but showing posteriors for k of N volunteers answering
‘Bar (Yes)’ to the question ‘Bar?’. Unlike ‘Smooth or Featured’, N varies significantly
between galaxies, and hence so does the spread (uncertainty in k) and absolute width
(highest possible k) of the posterior.
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Table 3.1: Calibration results for predicting the probability that v 4 e fraction of
volunteers respond ‘Smooth’; with and without applying MC Dropout.

Max Error ¢ Coverage Error without MC Coverage Error with MC

0.02 49.6% 16.5%
0.05 38.5% 13.4%
0.10 26.1% 9.4%
0.20 7.9% 5.4%

Table 3.2: Calibration results for predicting the probability that v 4+ e fraction of
volunteers respond ‘Bar’, with and without applying MC Dropout.

Max Error ¢ Coverage Error without MC  Coverage Error with MC

0.02 92.2% 45.5%
0.05 85.5% 42.4%
0.10 57.8% 29.2%
0.20 22.6% 11.8%

€ of the model prediction v;. For example, 2075 of 2500 galaxies in the ‘Bar’ test set

are observed to have v; within +0.20 of .

galaxles 7 <k} +Ne

actual Z Z 5 k - ] (312)

i j>k;—Ne

For a perfectly calibrated posterior, the actual and expected counts would be
identical: the model would be correct (within some given maximum error) as often
as it expects to be correct. For an overconfident posterior, the expected count will be
higher, and for an underconfident posterior, the actual count will be higher.

The predicted posteriors of volunteer votes are shown to be fairly well-calibrated;
the model is correct approximately as often as it expects to be correct. Figure 3.10
compares the expected and actual counts for the model, choosing € between 0 and 0.5.
Tables 3.1 and 3.2 show calibration results for the ‘Smooth’ and ‘Bar’ models, with
and without MC Dropout, evaluated on their respective test sets. Coverage error is

calculated as:

Cexpected - Cactual (3 13)

Coverage error =
Cactual

For both questions, the single network (without using MC Dropout) is substan-
tially overconfident. The MC-dropout-marginalised network shows a significant im-

provement in calibration over the single network. I interpret this as evidence for
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the importance of marginalising over both networks and augmentations in accurately
estimating uncertainty (Section 3.1.5).

When making precise predictions, the MC-dropout-marginalised network remains
somewhat overconfident. However, as the acceptable error € is allowed to increase,
the network is increasingly well-calibrated. For example, the predicted probability
that v £0.02 (i.e. € = 0.02) k of N volunteers respond ‘Bar’ is over-estimated by ~
45%. In contrast, the predicted probability that &+ 0.2 (i.e. ¢ = 0.2) of N volunteers
respond ‘Bar’ is ~ 10% of the true probability. I discuss possible approaches to further
improve calibration in Section 3.3, and go on to apply them in Chapter 4.

A key method for galaxy evolution research is to compare the distribution of
some morphology parameter across different samples (e.g. are spirals more common in
dense environments, [449], do bars fuel AGN, [144], do mergers inhibit LERGs, [152],
etc.) Therefore, the distribution of predicted p and k over all galaxies should ideally
approximate the observed distribution of dr_g] and k. In short, the predictions should
be globally unbiased. Figure 3.11 compares the predicted and actual distributions
of p and k. The predicted distributions for p and k are shown to match well with
the observed distributions for most values of p and k. The model appears somewhat
reticent to predict extreme p (and therefore extreme k) for both questions. This may
be a consequence of the difficulty in predicting the behaviour of single volunteers.
Again, I discuss this further in Section 3.3 and mitigate this in chapter 4.

Reliable research conclusions also require that model performance should not de-
pend strongly on non-morphological galaxy parameters (mass, colour, etc). For ex-
ample, if a researcher would like to investigate correlations between galaxy mass and
bars, it is important that the model is equally able to recognise bars in high-mass and
low-mass galaxies. To check if the model is sensitive to non-morphological parame-
ters, I used an Explainable Boosting Machine (EBM) model 73, 274]. EBM aim to
predict a target variable based on tabular features by separating the impact of those
features into single (or, optionally, pairwise) effects on the target variable. They are
a specifid”] implementation of Generalised Additive Models (GAM, [160]). GAM are

of the form:

9(y) = fi(@) + .. + fulwn) (3.14)

13The ‘observed’ p is approximated as Pproxy =
(latent, unobserved) p over a large sample.
Y“https://github.com/microsoft /interpret

k

> Which has a similar distribution to the true
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Figure 3.9: Relative importance of morphological (Features or Disk, Bar, Spiral)
and non-morphological (Petro B/A, Mag, etc.) features for BCNN performance.
Morphology fractions are the (volunteer-reported) % values from Galaxy Zoo 2. Petro
B/A 50 and Petro B/A 90 measure the axial ratios at 50% and 90% of the half-
light radius. Mag is the estimated B magnitude. Sersic mass is the approximate
stellar mass, estimated from the single-component Sersic fit flux. Petro 6 is the (r-
band) Petrosian radius. Redshift is measured spectroscopically. The effect of each
component is additive and independent; for example, the measured effect of spiral
features does not include the effect of being featured in general. BCNN performance
varies much less from the effect of non-morphological features than from morphological
features.

where g is identity for regression problems and f; is any learnable function. For EBM,
each f; is learned using gradient boosting with bagging of shallow regression trees.
They aim to answer the question ‘What is the effect on the target variable of this
particular feature alone?’ 1 trained an EBM to predict the surpriseE| of our ‘Bar’
model when making test set predictions (Sec. 3.1.8), using the volunteer-reported
morphologies and key non-morphological parameters reported in the NASA Sloan
Atlas (v1.01, [15]).
The interested reader can find my full investigation at https://doi.org/10.5281/zenodo.4545335,

recorded as a Jupyter Notebook. Figure 3.9 shows the key result; the relative impor-
tance of each feature on BCNN model surprise. Performance variation with respect

to non-morphological parameters is shown to be much smaller than variation with re-

15Recall that we quantify surprise as the likelihood of our prediction given the observed votes %

(Eqn 3.3).
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spect to morphology. The network performs better on smooth galaxies and unbarred
galaxies (plausibly because there are more training examples of such galaxies to learn
from). Inclination is the non-morphological parameter with the strongest effect on
performance, and this effect is approximately 3.5-4 times weaker than the effect of
either smoothness or barredness above. This suggests that the model introduces no

new major biases with respect to key non-morphological parameters.

3.1.9.1 Comparison to Previous Work

The key goals of this chapter are to introduce probabilistic predictions for votes and (in
the following section) to apply this to perform active learning. However, by reducing
the model’s probabilistic predictions to point estimates, I also provide conventional
predictions and performance metrics.

Previous work has focused on deterministic predictions of either the vote fractions
[100] or (more commonly) the majority response [32} [76], 227, [370]. While differences in
sample selection and training data prevent a precise comparison, the model performs
well at both tasks.

I reduced the posteriors to the most likely vote count l%, achieving a root-mean-
square error of 0.10 (approx. £3 votes) for ‘Smooth or Featured’ and 0.15 for ‘Bar’. 1
also reduced the same posteriors to the most likely majority responses. Here, I present
the results in the style of the ROC curves in [370] (hereafter DS+18, Figure 3.12)
and the confusion matrices in [227] (hereafter K+18, Figure 3.13) using the reduced
posteriors. The results show that the model presented here likely outperforms [370]
and is likely comparable with [227].

Overall, these conventional metrics demonstrate that the models presented here
are sufficiently accurate for practical use in galaxy evolution research even when

reduced to point estimates.

3.2 Active Learning

In the previous sections of this chapter, I presented Bayesian CNNs that predict
posteriors for the morphology of each galaxy. Limited volunteer classification speed
remains a hurdle; one still needs to collect enough responses to train these Bayesian
networks. How do we train Bayesian networks to perform well while minimising the
number of new responses required?

Previous approaches in morphology classification have largely used fixed datasets

of labelled galaxies acquired prior to model training. This is true both for authors
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Figure 3.10: Calibration of CNN-predicted posteriors, showing the expected versus
actual count of galaxies within each acceptable maximum vote fraction error range

(€).

The probabilistic model is fairly well-calibrated (similar expected and actual

counts), with a significant improvement from applying MC Dropout.

5



®» 500 e Model I
~§-<’ Actual
(0]
© 250
V]
0
0.0 0.2 0.4 0.6 0.8 1.0
Vote Fraction p
» s Model
g 200 Actual
(]
©
(D _-__—
0
0 5 10 15 20 25 30 35 40

Positive Responses k

(a) Distribution of k£ and p for ‘Smooth or Featured’

s Model
Actual

Galaxies
N
o
o

0.0 0.2 0.4 0.6 0.8 1.0
Vote Fraction p

®» [ Model
Q
% Actual
©
©
O]
0 5 10 15 20 25 30 35 40

Positive Responses k

(b) Distribution of k£ and p for ‘Bar’

Figure 3.11: Comparison between the distribution of predicted or observed p and k
over all galaxies, for each question. Upper: comparison for ‘Smooth or Featured’.
Lower: comparison for ‘Bar’. The observed p is approximated as pproxy = % The
distributions of predicted p and k closely match the observed distributions, indicating
the models are globally unbiased. The only significant deviation is near extreme p
and k, which the models are ‘reluctant’ to predict.
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(b) ROC curve for the ‘Bar’ question.

Figure 3.12: ROC curves for the ‘Smooth or Featured’ (above) and ‘Bar’ (below)
questions, as predicted by the probabilistic model. To generate scalar class predic-
tions on which to threshold, I reduced the posteriors to mean vote fractions. For
comparison to DS+18, I also include ROC curves of the subsample they describe as
‘high confidence’ — galaxies where the class probability (for us, p) is extreme (1420
galaxies for ‘Smooth’, 1174 for ‘Bar’)
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Figure 3.13: Confusion matrices for ‘Smooth or Featured’ (upper row) and ‘Bar’
(lower row) questions. For comparison to K418, I also include confusion matrices
for the most confident predictions (right column) Following K+18, I include the most
confident ~ 7.7% of spirals and ~ 9.3% of ellipticals (upper right). Of the two
galaxies where humans select ‘Smooth’ (% > 0.5) and the model selects ‘Featured’
(p < 0.5), one is an ongoing smooth/featured major merger and one is smooth with
an imaging artifact. Generalising (K+18 do not consider bars), I also show the most
confident ~ 8% of barred and unbarred galaxies. The probabilistic model achieve
perfect classification for ‘Bar’.
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applying direct training [127, [191], [192| 370, 443] and those applying transfer learning
[6, 104, 339]. Instead, I thought we should ask: to train the best model, which galaxies
should volunteers label? Each galaxy, if labelled, provides information to the model;
they are informative. My hypothesis was that all galaxies are informative, but some
galaxies are more informative than others. To exploit this, I used the Bayesian CNN
galaxy morphology posteriors to apply an active learning strategy [182]: intelligently
selecting the most informative galazies for labelling by volunteers. By prioritizing the
galaxies that this strategy suggests would, if labelled, be most informative to the
model, one can create or fine-tune models with even less newly-labelled data.

In the rest of this chapter, I describe simulating using the posteriors to select the
most informative galaxies for labelling by volunteers.

Selecting the most informative data to label is known as active learning. Active
learning is useful when acquiring labels is difficult (expensive, time-consuming, requir-
ing experts, private, etc). This scenario is common for many, if not most, real-world
problems. Terrestrial examples include detecting cardiac arrhythmia [352], sentiment
analysis of online reviews [473], and Earth observation [267, [432]. Astrophysical exam-
ples include stellar spectral analysis [396], variable star classification [357], telescope
design and time allocation [462)], redshift estimation [I85] and spectroscopic follow-up

of supernovae [19§].

3.2.1 Active Learning Approach for Galaxy Zoo

Given that only a small subset of galaxies can be labelled by humans, we should
intelligently select which galaxies to label. The aim is to make CNNs that are just
as accurate without having to label as many galaxies. To do so, I took the following
approach. First, I trained a Bayesian CNN (introduced above) on a small randomly

chosen initial training set. Then, I repeated the following active learning loop:

1. Measure the CNN prediction uncertainty on all currently-unlabelled galaxies

(excluding a fixed test set)

2. Apply an acquisition function (Section 3.2.2) to select the most uncertain galax-

ies for labelling

3. Upload these galaxies to Galaxy Zoo and collect volunteer classifications (in this

work, simulated with historical classifications)

4. Re-train the CNN and repeat
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Other astrophysics research has combined crowdsourcing with machine learning
models. Wright et al. 2017 [460] classified supernovae in PanSTARRS [208] by aggre-
gating crowdsourced classifications with the predictions of expert-trained CNN and
show that the combined human/machine ensemble outperforms either alone. How-
ever, this approach is not directly feasible for Galaxy Zoo, where scale prevents us
from recording substantial numbers of crowdsourced classifications for every image.
Beck et al. 2018 [34] developed a ‘decision engine’ to allocate galaxies for classification
by either human or machine (via a random forest), unlike the system presented here
which only requests responses for informative galaxies. Beck et al. 2018 also train
their model exclusively on galaxies which can be confidently assigned to a class, while
the model presented here learns from every classified galaxy.

The work in this chapter is the first time active learning has been used for mor-
phological classification, and the first time in astrophysics that active learning has

been combined with CNNs or crowdsourcing.

3.2.2 BALD and Mutual Information

Active learning requires an acquisition strategy - a method to estimate which unla-
belled examples will be most helpful to label (acquire). I base mine on the general
information-theoretic acquisition strategy Bayesian Active Learning by Disagreement
(BALD) [182, 280]. BALD selects subjects to label by maximising the mutual in-
formation between the model parameters # and the probabilistic label prediction y.
BALD is derived from the mutual information as follows.

Assume you have observed data D = (z;,v;);_,. Here, x; is the ith subject and
y; is the label of interest. Further assume there are (unknown) parameters € that
model the relationship between input subjects = and output labels y, p(y|z,8). One
would like to infer the posterior of 8, p(6|D). Once p(y|x, ) is known, one can make
predictions on new galaxy images.

The mutual information measures how much information some random variable

A carries about another random variable B, defined as:
I[A, Bl = H[p(A)] — Eys) H[p(A|B)] (3.15)

where H is the entropy operator and E,p H[p(A|B)] is the expected entropy of
p(A|B), marginalised over p(B) [310].

One would like to know how much information each label y provides about the
model parameters 6. One could then pick subjects x to maximise the mutual infor-

mation Iy, 6], helping to learn @ efficiently. Substituting A and B for z and y:
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Iy, 0] = Hlp(ylz, D)] — Epop) [H [p(yl, 0)]] (3.16)

The first term is the entropy of our prediction for z given the training data,
implicitly marginalising over the possible model parameters 6. I refer to this as the
predictive entropy. The predictive entropy reflects our overall uncertainty in y given
the training data available.

The second term is the expected entropy of our prediction made with a given @,
sampling over each € that might have been inferred from D. The expected entropy
reflects the typical uncertainty of each particular model on x. Expected entropy has
a lower bound set by the inherent difficulty in predicting y from z, regardless of the
available labelled data.

Confident disagreement between possible models leads to high mutual information.
For high mutual information, we should be highly uncertain about y after marginal-
ising over all the models we might infer (high H[p(y|z, D)]), but have each particular
model be confident (low expected H[p(y|z,0)] ). If we are uncertain overall, but each
particular model is certain, then the models must confidently disagree.

Throughout this chapter, when I refer to galaxies as informative, I mean specif-
ically that they have high mutual information; they are informative for the model.
These are not necessarily the galaxies that are the most informative for science;
any overlap will depend upon the research question at hand. The scientific benefit
of the approach presented here is that the Bayesian CNN learns to make accurate

morphological predictions for all galaxies using minimal newly-labelled examples.

3.2.3 Estimating Mutual Information

Rewriting the mutual information explicitly, replacing y with our labels k and 6 with

the network weights w:
I(k, w] = H / p(k|, w)p(w|D)dw] — / p(w|DYH[p(k|z, w))duw (3.17)

As I noted in Sec. 3.1.5, Gal et al. 2017 [143] showed that we can use Eqn. 3.8 to
replace p(w|D) in the mutual information (Eqn. 3.17):

Ik, w] = H[/p(k‘|:1:,w)q*dw] - /q*H[p(k|$,w)]dw (3.18)

and again sample from ¢* with 7" forward passes using dropout at test time (i.e.

Monte Carlo integration), allowing the mutual information to be calculated:

Ik, w] = Hi 3 p(klr, w)] — 7 3 Hp(klz, w) (319)
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I derive an acquisition function for Galaxy Zoo by combining the approach of Gal
et al. 2017 above with the probabilistic predictions p(k|xz,w) I introduced in Sec.
3.1.4. Recall that I trained Bayesian networks to make probabilistic predictions for k
by estimating the latent parameter p from which & is Binomially drawn (Eqn. 3.3).

Substituting the probabilistic predictions of Eqn. 3.3 into the mutual information:
1 . w 1 : w
=H[ > Bin(kl f*(x), N)] = 7 > H[Bin(k|f*(z), N)) (3:20)
t t
Or concisely:

Ik, w] = H[(Bin(k[f* (x), N))] — (H[Bin(k|f*(x), N)]) (3.21)

A novel complication is that we do not know N, the total number of responses,
prior to labelling. In GZ2, each subject is shown to a fixed number of volunteers, but
(due to the decision tree) N for each question will depend on responses to the previous
question. Further, technical limitations mean that even for the first question (‘Smooth
or Featured’), N can vary (Figure 3.5). I (implicitly, for clarity) approximate N with
the expected (N) for that question. In effect, I am calculating the acquisition function
with IV set to the value that, were we to ask volunteers to label this galaxy, we would
expect N responses.

To summarise, Eqn. 3.21 asks: how much additional information would be gained
about network parameters that we use to predict p and k, were we to ask (V) people

about subject =7

3.2.4 Entropy Evaluation

Having approximated p(w|D) with dropout and calculated p(k|z,w) with the proba-
bilistic model, all that remains is to calculate the entropies H of each term.
k is discrete and hence we can directly calculate the entropy over each possible

state:
H[Bin(k|f* (z ZBm k|f*(x), N)log[Bin(k| f*(z), N)] (3.22)

For H[(Bin(k|f*“(z), N))], we can also enumerate over each possible k, where the
probability of each k is the mean of the posterior predictions (sampled with dropout)
for that k:

H[(Bin(k[f*(x), N))] =

S (Bin(k| (), X)) log{(Bin(k|£* (x), )] (3:23)
k=0
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and hence the final expression for the mutual information is:

Ik, w] =
= D (Bin(h @) ) o Bin(i ). ) o
3 B ). ) 2. )

3.2.5 Application

To evaluate the active learning approach described above, I simulated applying active
learning during GZ2. I compared the performance of the models when trained on
galaxies selected using the mutual information versus galaxies selected randomly. For
simplicity, each simulation trained a model to predict either ‘Smooth or Featured’
responses or ‘Bar’ responses.

For the ‘Smooth or Featured’ simulation, I began with a small initial training set of
256 random galaxies. I trained a model to predict p(k|p, V) (where N is the expected
number of volunteers to answer the question, calculated as the mean total number of
responses for that question over all previous galaxies - see Figure 3.5). I then used
the BALD-based acquisition function I derived above (Eqn. 3.21) to identify the 128
most informative galaxies to label. To simulate uploading the informative galaxies to
GZ and receiving classifications, I retrieved previously collected GZ2 classifications
for the most informative galaxies. Finally, I added the newly-labelled informative
galaxies to the training set. I refer to each execution of this process (training the
model, selecting new galaxies to label, and adding them to the training set) as an
iteration. 1 repeated this procedure for 20 iterations, recording the performance of
the model throughout.

I selected 256 initial galaxies and 128 further galaxies per iteration, to match the
training data size over which the ‘Smooth or Featured’ model performance varies. The
relatively shallow model reaches peak performance on around 3000 random galaxies;
more galaxies do not significantly improve performance.

For the ‘Bar’ simulation, I found that performance saturates after more galaxies
(approx. 6000) and so I doubled the scale; I started with 512 galaxies and acquired
256 further galaxies per iteration. This matches previous results (and intuition) that
‘Smooth or Featured’ is an easier question to answer than ‘Bar’. Identifying bars, par-
ticularly weak bars, is challenging for both humans [241],294] and machines (including
CNNs, Sanchez et al. (2018) ).
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To measure the effect of the active learning strategy, I also trained a baseline
classifier by providing batches of randomly selected galaxies. This allowed me to
compare the acquisition strategy I developed (selecting galaxies with maximal mutual
information via BALD and MC Dropout) against selecting randomly (baseline). I
evaluated performance on a fixed test set of 2500 random galaxies. I repeated each
simulation four times to reduce the risk of spurious results from random variations in

performance.

3.2.6 Results

For both ‘Smooth’ and ‘Bar’ simulations, the probabilistic models achieved equal
performance on fewer galaxies using active learning versus random galaxy selection.
Below, I show model performance by iteration for the ‘Smooth’ (Figure 3.14) and
‘Bar’ (Figure 3.15) simulations. These figures display three metrics: training loss
(model surprise on previously-seen images, measured by Eqn. 3.6), evaluation loss
(model surprise on unseen images), and root-mean-square error (RMSE). I measured
the RMSE between the maximum-likelihood-estimates p and pproxy = % as p itself is
never observed and hence cannot be used for evaluation. Due to the high variance
in metrics between batches, I smoothed our metrics via LOWESS [80] and averaged
across 4 simulation runs.

For ‘Smooth’, the models achieved equal RMSE scores with, at best, ~ 60% fewer
newly-labelled galaxies (RMSE of 0.117 with 256 versus 640 new galaxies, Figure
3.14). Similarly for ‘Bar’, the models achieved equal RMSE scores with, at best, ~
35% fewer newly-labelled galaxies (RMSE of 0.17 with 1280 versus 2048 new galaxies,
Figure 3.15). Active learning outperformed random selection in every run.

Given sufficient (~ 3000 for ‘Smooth’, ~ 6000 for ‘Bar’) galaxies, the models
eventually converged to similar performance levels — regardless of galaxy selection.
I speculate that this is because our relatively shallow model architecture places an
upper limit on performance. In general, model complexity should be large enough
to exploit the information in the training set yet small enough to avoid fitting to
spurious patterns (Section 2.2.3). Model complexity increases with the number of free
parameters and decreases with regularization [I40]. The model is both shallow and
well-regularized (recall that dropout was originally used as a regularization technique,
Section 3.1.5). A more complex (deeper) model may be able to perform better by

learning from additional galaxies.
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Figure 3.14: Training loss (upper), evaluation loss (middle), and RMSE (lower) of
model performance on ‘Smooth or Featured’ during active learning simulations, by it-
eration (set of new galaxies). Vertical bars denote new iterations, where new galaxies
are acquired and added to the training set. Prior to 2000 training iterations, both the
random selection (baseline) models and active learning models trained on only the
initial random training set of 256 galaxies, and hence showed similar performance.
Around 2000 to 3500 iterations, after acquiring 128-256 additional galaxies, the ac-
tive learning model showed a clear improvement in evaluation performance over the
baseline model. 1 annotate in red where each model achieves the maximal relative
RMSE improvement, highlighting the reduction in newly-labelled galaxies required
(vertical bars = 128 new galaxies). Note that active learning leads to a dramatically
higher training loss, indicating that more challenging galaxies are being identified as
informative and added to the training set.
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GZ2 ‘Bar’ Active Learning Performance
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Figure 3.15: As with 3.14, but for the ‘Bar’ active learning simulations. Again, active
learning led to a clear improvement in evaluation performance and a dramatically
higher training loss (indicating challenging galaxies are being selected). I annotate in
red where each model achieves the maximal relative RMSE improvement, highlighting
the reduction in newly-labelled galaxies required (vertical bars = 256 new galaxies).
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3.2.6.1 Selected Galaxies

Which galaxies did the models identify as informative? To investigate, I randomly
selected one ‘Smooth or Featured’ and one ‘Bar’ simulation.

For the ‘Smooth or Featured’ simulation, Figure 3.16 shows the observed ‘Smooth’
vote fraction distribution, per iteration (set of new galaxies) and in total (summed
over all new galaxies). Highly smooth galaxies are common in the general GZ2 cat-
alogue. Random selection therefore led to a training sample skewed towards highly
smooth galaxies. In contrast, the BALD-derived acquisition function was far more
likely to select galaxies that are featured, leading to a more balanced sample. This
was especially true for the first few iterations; I speculate that this counteracts the
skew towards smooth in the randomly selected initial training sample. By the final
training sample, featured galaxies became moderately more common than smooth
(mean %smeetn — 0.38). This suggests that featured galaxies are (on average) more
informative for the model — over and above correcting for the skewed initial train-
ing sample. I believe that featured galaxies may be more visually diverse, which
led to a greater challenge in fitting volunteer responses, more disagreement between
dropout-approximated-models, and ultimately higher mutual information.

For the ‘Bar’ simulation, Figure 3.17 shows the ‘Bar’ vote fraction distribution,
per iteration and in total, as well as the total redshift distribution. Again, the BALD-
derived acquisition function selected a more balanced sample by prioritising (rarer)
barred galaxies. This selection remained approximately constant (within statistical
noise) as more galaxies are acquired. With respect to redshift, the acquisition function
preferentially selected galaxies at lower redshifts. Based on inspection of the selected
images (Figure 3.19), I suspect that these galaxies are more informative to the model
because such galaxies are better resolved (i.e. less ambiguous) and more likely to be
barred.

I show the most and least informative galaxies from the (fixed and never labelled)
test subset for ‘Smooth’ (Figure 3.18 and Bar (Figure 3.19), as identified by the novel

acquisition function and the final models from each simulation.

3.3 Discussion

Learning from fewer examples is an expected benefit of both probabilistic predictions
and active learning. The models approach peak performance on remarkably few

examples: 2816 galaxies for ‘Smooth” and 5632 for ‘Bar’. With this system, volunteers
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Figure 3.16: Distribution of observed ‘Smooth’ vote fraction p in galaxies acquired
during Galaxy Zoo ‘Smooth or Featured’ active learning simulation. Left: Distri-
bution of acquired p over all iterations, compared against random selection. While
randomly selected galaxies are highly smooth, our acquisition function selects galax-
ies from across the p range, with a moderate preference towards featured. Right:
Distribution of p by iteration, compared against random selection (upper inset). The
acquisition function strongly prefers featured galaxies in early (n <~ 7) iterations,
and then selects a more balanced sample. This likely compensates for the initial
training sample being highly smooth.
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Figure 3.17: Upper left: Distribution of observed ‘Bar’ vote fraction p in galaxies
acquired during Galaxy Zoo ‘Bar’ active learning simulation. Upper right: Redshift
distribution of acquired galaxies over all iterations, compared against random selec-
tion. The ‘Bar’ model selects lower redshift galaxies, which are both more featured
and better resolved (i.e. less visually ambiguous). While randomly selected galaxies
are highly non-barred, the ‘Bar’ model seé@cts a more balanced sample. Lower: Dis-
tribution of ‘Bar’ p by iteration, compared against random selection (upper inset).
The acquisition function selects a similar rho distribution at each iteration.



Figure 3.18: Informative and uninformative galaxies from the (hidden) test subset,
as identified by the novel acquisition function and the final model from a ‘Smooth or
Featured’ simulation. If active learning were applied to Galaxy Zoo, volunteers would
be more frequently presented with the most informative images (left) than the least
(right).
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Figure 3.19: As with Figure 3.18 above, but showing galaxies identified by the final
model from a ‘Bar’ simulation. Galaxies found to be informative for learning to
classify bars (left) have well-resolved centres, unlike those found to be uninformative
(right).
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could complete Galaxy Zoo 2 in weekq " rather than years if the peak performance of
the models would be sufficient for their research. Further, reaching peak performance
on relatively few examples indicates that an expanded model with additional free
parameters is likely to perform better [310]. T go on to use such an expanded model
in the following chapter.

My results motivate various improvements to the probabilistic morphology models
I introduced. In Section 3.1.9, I showed that the models were approximately well-
calibrated, particularly after applying MC Dropout. However, the calibration was
imperfect; even after applying MC Dropout, the models remained slightly overcon-
fident (Figure 3.10). I suggest two reasons for this remaining overconfidence. First,
within the MC Dropout approximation, the dropout rate is known to affect the cal-
ibration of the final model [I43]. T chose the dropout rate arbitrarily (0.5); however,
this rate may not sufficiently vary the model to approximate training many models.
One solution might be to ‘tune’ the dropout rate until the calibration is correct [143].
However, the MC Dropout approximation is itself imperfect; removing random neu-
rons with dropout is not identical to training many networks [137]. As an alternative,
one could simply train several models and ensemble the predictions [243]. One could
even have the best of both worlds; train several models, and use MC dropout for each
model. This is the approach I chose to take in the following chapter.

I also showed the distribution of model predictions over all galaxies generally
agrees well with the distribution of predictions from volunteers (i.e. the models are
globally unbiased, Section 3.1.9). However, I noted that the models are ‘reluctant’
to predict extreme p (the typical response probability, Section 3.1.3). I suggest that
this is a limitation of the statistical description of volunteer responses. The binomial
likelihood becomes narrow when p (here, p) is extreme, and hence models are heavily
penalised for incorrect extreme p estimates. If volunteer responses were precisely
binomially distributed (i.e. N independent identically-distributed trials per galaxy,
each with a fixed p of a positive response), this heavy penalty would correctly reflect
the significance of the error. However, the binomial description of volunteers is only
approximate; one volunteer may give consistently different responses to another. In
consequence, the true likelihood of non-extreme k responses given p is wider than
the binomial likelihood from the ‘typical’ response probability p suggests, and the
network is penalised ‘unfairly’. The network therefore learns to avoid making risky

extreme predictions. If this suggestion is correct, the risk-averse prediction shift will

6For example, classifying ~ 10,000 galaxies (sufficient to train the models to peak performance)
at the mean GZ2 classification rate of ~ 800 galaxies/day would take ~ 13 days.
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be monotonic (i.e. extreme galaxies will have slightly different p but still be ranked in
the same order) and hence researchers selecting galaxies near extreme p may simply
choose a slightly higher or lower p threshold. To mitigate this issue, one could apply a
monotonic rescaling to the network predictions (as I did in Section 3.1.2) or calibrate
the loss to reflect the scientific utility of extreme predictions [81]. However, I felt it
would be best to address the fundamental issue directly by introducing a more flexible
model of volunteer behaviour, and do so in the following chapter. This has the added
benefit that the model is better able to express its own uncertainty, as I explain in
section 4.5.

During Galaxy Zoo 2 (GZ2), N, the number of responses to a galaxy for a par-
ticular question, depends on the answers to previous questions and so cannot (in
general) be known beforehand. For this work, I relied on GZ2 data when simulating a
(historical) classification request. Therefore, when deriving the acquisition function,
I approximated N as the expected number of responses (N). However, during live
application of this system, one could control the Galaxy Zoo classification logic to col-
lect exactly N responses per image, for any desired N. This would allow the model
to request (for example) one more classification for this galaxy, and three more for
that galaxy, before retraining. Precise classification requests from the model would
enable us to ask volunteers exactly the right questions, helping them make an even
greater contribution to scientific research.

I also hope that this human-machine collaboration provides a better experience
for volunteers. Inspection of informative galaxies (Figures 3.16, 3.17) suggests that
more informative galaxies are more diverse than less informative galaxies. I hope that
volunteers find these (now more frequent) informative galaxies interesting and engag-
ing. When applied in the following chapter, approximately 95% of volunteers choose
to see the ‘Enhanced’ active-learning-prioritised galaxies over a random selection.

Finally, I would like to highlight that this approach is highly general. I hope that
Bayesian CNNs and active learning can contribute to the wide range of astrophys-
ical problems where CNNs are applicable (e.g. images, time series), uncertainty is
important, and the data is expensive to label, noisy, imbalanced, or includes rare ob-
jects of interest. In particular, imbalanced datasets (where some labels are far more
common than others) are common throughout astrophysics. Topics include transient
classification [460], exoplanet detection [327], and fast radio burst searches [472] - the
topic of chapter 5. Active learning is known to be effective at correcting such imbal-
ances [198]. The results presented here suggest that this remains true when active

learning is combined with CNNs. Recall that smooth galaxies are far more common
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in GZ2 but featured galaxies are strongly preferentially selected by active learning
— automatically, without our instruction — apparently to compensate for the imbal-
anced data (Figure 3.16). If this behaviour proves to be general, Bayesian CNNs and
active learning may be an effective method for intelligent data collection to overcome
research challenges throughout astrophysics.

In the following chapter, I go on to apply active learning alongside an improved

Bayesian CNN approach to make predictions on newly-observed galaxies.

94



Chapter 4
Galaxy Zoo DECaLS

4.1 Introduction

I warned in 3.1.1 that surveys like the Dark Energy Camera Legacy Survey (DE-
CaLS, [99]) would image more galaxies than could be comprehensively classified by
volunteers alone. I used existing Galaxy Zoo 2 data to develop and demonstrate a
solution: using Bayesian CNNs to predict galaxy morphology posteriors, and then
using those posteriors to select the most informative galaxies for volunteers to label
(active learning). In this chapter, I describe using an improved version of that ap-
proach to classify DECaLS galaxies. These classifications compose the Galaxy Zoo
DECaLS data release.

Galaxy Zoo DECaLS is the first systematic engagement of volunteers with low-
redshift images as deep as those provided by DECaLS, enabling detailed classifica-
tion of fainter features. Classifications include the presence and strength of bars and
bulges, the count and winding of spiral arms, and the indications of recent or ongoing
mergers. Volunteer classifications were sourced over three separate Galaxy Zoo DE-
CaLS (GZD) classification campaigns, GZD-1, GZD-2, and GZD-5, which classified
galaxies first released in DECaL.S Data Releases 1, 2, and 5 respectivelyﬂ Data collec-
tion for GZD-1 and GZD-2 ended before my DPhil; I was responsible for relaunching
Galaxy Zoo to carry out the GZD-5 campaign. For GZD-5, an improved decision tree
was added aimed at exploiting the deeper DECaLS images for better identification of
mergers and weak bars. Galaxy Zoo volunteers contributed 1.8 million responses to
this improved tree, with 139,919 galaxies receiving 30 or more classifications (priori-
tised partly by active learning) and the remaining 173,870 receiving approximately

5. I then trained an updated Bayesian CNN (sec. 4.5) to predict the improved tree

!Legacy Survey data releases are cumulative; data releases 3 and 4 are therefore also included.
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answers for all galaxies, including both the GZD-1/2 galaxies classified with the older

tree and the GZD-5 galaxies with fewer classifications.

4.2 Imaging

4.2.1 Observations

The galaxy images were created from data collected by the DECaLS survey [99).
DECaLS used the Dark Energy Camera (DECam, [129]) at the 4m Blanco telescope
at Cerro Tololo Inter-American Observatory, near La Serena, Chile. DECam has a
roughly hexagonal 3.2 square degree field of view with a pixel scale of 0.262 arcsec?
per pixel. The median point spread function FWHM is 1729, 1”718 and 1711 for g, r,
and z, respectively.

The DECaLS survey contributed targeting images for the upcoming Dark Energy
Spectroscopic Instrument (DESI). DECaLS was responsible for the DESI footprint
in the Southern Galactic Cap (SGC) and the ¢ < 34 region of the Northern Galactic
Cap (NGC), totalling 10,480 square degreesﬂ. 1130 square degrees of the SGC DESI
footprint were already being imaged by DECam through the Dark Energy Survey
(DES, [420]) so DECaLS did not repeat this part of the DESI footprint. DECaLS
implemented a 3-pass strategy to tile the sky. Each pass was slightly offset (approx
0.1-0.6 deg). The choice of pass and exposure time for each observation was optimised
in real time based on the observing conditions recorded for the previous targets, as well
as the interstellar dust reddening, sky position, and estimated observing conditions of
possible next targets. This led to a near-uniform depth across the survey. In DECaLS
DR1, DR2, and DR5, from which our images are drawn, the median 5o point source
depths for areas with 3 observations was approximately (AB) g=24.65, r=23.61, and
2=22.84%] The DECaLS survey completed observations in March 2019.

4.2.2 Selection

Galaxies were identified in the DECaLS imaging using the NASA-Sloan Atlas v1.0.0
(NSA). As the NSA was derived from SDSS DRS8 imaging [12], Galaxy Zoo DECaLS
only includes galaxies that are within both the DECaLS and SDSS DRS footprint. In
effect, Galaxy ZOO DECaLS uses deeper DECaL.S imaging of the galaxies previously

imaged in SDSS DRS. This ensures the morphological measurements have a wealth

2The remaining DESI footprint is being imaged by DECaLS’ companion surveys, MzLS and
BASS [99]
3See https://www.legacysurvey.org/dr5/description/ and related pages
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GZ2
DECals & NSA

Figure 4.1: Sky coverage of GZ DECaLS (equatorial coordinates), resulting from the
imaging overlap of DECaLS DR5 and SDSS DRS8, shown in red. Darker areas indicate
more galaxies. Sky coverage of Galaxy Zoo 2, which used images sourced from SDSS
DRY7, shown in light blue. The NSA includes galaxies imaged by SDSS DRS, including
galaxies newly imaged at the Southern Galactic Cap (approx. 2500 deg?)

of ancillary information derived from SDSS and related surveys, and allows for the
measurement of any shift in classifications versus Galaxy Zoo 2 using the subset of
SDSS DRS galaxies classified both in Galaxy Zoo DECaLS and in Galaxy Zoo 2 (Sec.
4.4). Figure 4.1 shows the resulting GZ DECaLS sky coverage. NSA v1.0.0 was not
published but the columns used here are identical to those in NSA v1.0.1, released in
SDSS DR13 [15].

Selecting galaxies with the NSA introduces two implicit cuts. First, the NSA
primarily includes galaxies brighter than m, = 17.77, the SDSS spectroscopic target
selection limit. Galaxies fainter than m, = 17.77 are included only if they are in
deeper survey areas (e.g. Stripe82) or were measured using ‘spare’ fibres after all
brighter galaxies in a given field were covered. Second, the NSA only covers redshifts
of z = 0.15 or below. An explicit cut requiring a Petrosian radius (PETROTHETA) of at
least 3 arcseconds was added to these implicit cuts to ensure the galaxy is sufficiently
extended for meaningful classification.

For each galaxy, if the coordinates had been imaged in the g, » and z bands, and
the galaxy passed the selection cuts above, a combined FITS cutout of the grz bands
was acquired from the DECaLS cutout service (www.legacysurvey.org).

Volunteers were presented with 424 x 424 pixel square galaxy images. GZD-1
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and GZD-2 acquired 424 x 424 pixel square FITS cutouts directly from the cutout
service. To ensure that galaxies typically fit well within a 424 pixel image, cutouts

were downloaded with an interpolated pixel scale s of
s = max(min(pso * 0.04, pgg * 0.02),0.1) (4.1)

where psq is the Petrosian 50%-light radius and pygq is the Petrosian 90%-light radius.
For GZD-5, to avoid banding artifacts caused by the interpolation method of the
DECaLS cutout service, I downloaded each FITS image at the fixed native telescope
resolution of 0.262 arcsec? per pixel[]], with enough pixels to cover the same area as 424
pixels at the interpolated pixel scale s. I then resized these individually-sized FITS up
to the interpolated pixel scale s by Lanczos interpolation [244]. Image processing was
otherwise identical between campaigns. Galaxies with incomplete imaging, defined as
more than 20% missing pixels in any band, were discarded. I retrospectively applied
this requirement to GZD-1 and GZD-2, which had required no more than 20% missing
pixels over all bands; this failed to remove galaxies only partially imaged in one band.
For GZD-1/2, 92,960 of 101,252 galaxies had complete imaging (91.8%). For GZD-5,
216,106 of 247,746 galaxies not in DECaLS DR1/2 had complete imaging (87.2% )}

4.2.3 RGB Image Construction

The measured grz fluxes were converted into RGB images. To use the ¢grz bands as
RGB colours, the flux values in each band were multiplied by 125.0, 71.43, and 52.63,
respectively. These numbers are chosen by eye (by Dustin Lang for GZD-1) such that
typical subjects show an appropriate range of colour once mapped to RGB channels.

For background pixels with very low flux, and therefore high variance in the pro-
portion of flux per band, naively colouring by the measured flux creates a speckled
effect [459]. As an extreme example, a pixel with 1 photon in the g band and no
photons in r or z would be rendered entirely red. To remove these colourful speckles,
pixels with very low flux were desaturated. The total per-pixel photon count N was
estimated assuming an exposure time of 90 seconds per band and a mean photon fre-
quency of 600nm. Poisson statistics imply the standard deviation on the total mean
flux in that pixel is proportional to v/N. Pixels with a standard deviation below

100 had their per-band deviation from the mean per-pixel flux multiplied (and hence

4Up to a maximum of 512 pixels per side. Highly extended galaxies were downloaded at reduced
resolution such that the FITS had exactly 512 pixels per side.

5Note that these numbers do not sum to the total number of galaxies classified across both
campaigns because some galaxies are shared between campaigns.
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reduced) by a factor of 1% of the standard deviation. The effect is to reduce the
saturation of low-flux pixels in proportion to the standard deviation of the total flux.

Mathematically,

X[, = Xij + aX;e where a=min(0.014/X;; T/, 1) (4.2)

where X;;. and X

1;c are the flux at pixel 4j in channel ¢ before and after desaturation,
X_ij is the mean flux across bands at pixel ij, T" is the mean exposure time (here, 90
seconds) and A is the mean photon wavelength (here, 600 nm).

Pixel values were scaled by sinh™*(z) to compensate for the high dynamic range
typically found in galaxy flux, creating images that can show both bright cores and
faint outer features. To remove the very brightest and darkest pixels, the pixel values
were linearly rescaled to lie on the (—0.5, 300) interval and then clipped to 0 and 255
respectively. These final values were then used to create an RGB image using pillow
[439]. The images are available on Zenodo at https://doi.org/10.5281 /zenodo.4196266.

I experimented with other methods for constructing RGB images that might better
reveal detailed morphology. A mosaic of my experiments is shown in Figure 4.2.
ultimately decided that being consistent with GZD-1 and GZD-2 was more important
than improving the images, and so I did not change the method described above for
GZD-5. However, I hope that these experiments encourage similar experimentation
before the launch of the next Galaxy Zoo project. My code is available on Github

here.

4.3 Volunteer Classifications

Volunteer classifications for GZ DECaLS were collected during three campaigns.
GZD-1 and GZD-2 classified all 99,109 galaxies passing the criteria above from DE-
CALS DR1 and DR2, respectively. GZD-1 ran from September 2015 to February
2016, primarily managed by Kyle Willett, and GZD-2 from April 2016 to February
2017, primarily managed by Coleman Krawczyk. GZD-5 classified 262,000 DECALS
DR5-only galaxies passing the criteria above. GZD-5 ran from March 2017 to October
2020, primarily managed by myself.

4.3.1 Decision Trees

The questions and answers which Galaxy Zoo asks define the morphology measure-
ments published. It is therefore critical that the Galaxy Zoo decision tree matches

the science goals of the research community.
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https://github.com/zooniverse/decals/blob/91cb202a281ca4a50687d42b0015add1e3d35ab6/decals/z_analysis/get_alternative_images.py

Figure 4.2: Comparison of galaxy images converted to RGB with different meth-
ods. Columns from left: images with the method described here and used in all
GZ DECalS campaigns; images with a method developed by the DECaLS collabora-
tion (https://github.com/legacysurvey /legacypipe/tree/master/py/legacypipe)); im-
ages with an alternative method I developed based on Lupton scaling [277] for three
sets of parameter choices (see the code), not used in GZ DECaLS. The choice of
colour and scaling when creating RGB images can affect the visibility of detailed
morphological features such as bars.
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The decision tree used for GZD-1 and GZD-2 included three modifications from
the Galaxy Zoo 2 decision tree [456]. The ‘Can’t Tell’ answer to ‘How many spiral
arms are there?” was removed, the number of answers to ‘How prominent is the
central bulge?” was reduced from four to three, and ‘Is the galaxy currently merging,
or is there any sign of tidal debris?” was added as a standalone question.

For GZD-5, the Galaxy Zoo science team and I decided to make three further
changes. Several Galaxy Zoo studies (e.g. [241] 294] [393] [450]) found that galaxies
selected with 0.2<pp..<0.5 in GZ2 correspond to ‘weak bars’ when compared with
expert classification such as those in [313]. Therefore, to increase the detection of
bars, we changed the possible answers to the ‘Does this galaxy have a bar?’ question
from ‘Yes” or ‘No’ to ‘Strong’, ‘Weak’ or ‘No’. We defined a strong bar as one that is
clearly visible and extending across a large fraction of the size of the galaxy. A weak
bar is smaller and fainter relative to the galaxy, and can appear more oval than the
strong bar, while still being longer in one direction than the other. Our definition of
strong vs. weak bar is similar to that of Nair and Abraham (2010) [313], with the
exception that they also have an ‘intermediate’ classification. We added examples
of galaxies with ‘weak bars’ to the Field Guide and provided a new icon for this
classification option, as shown in Figure 4.3.

Second, to allow for more fine-grained measurements of bulge size, we increased the
number of "How prominent is the central bulge?” answers from three (‘No’, ‘Obvious’,
‘Dominant’) to five (‘No Bulge’, ‘Small’, ‘Moderate’, ‘Large’, ‘Dominant’). We also
re-included the ‘Can’t Tell” answer.

Third, we modified the ‘Merging’ question from ‘Merging’, ‘Tidal’, ‘Both’, or
‘None’, to the more phenomenological ‘Merging’, ‘Major Disturbance’, ‘Minor Dis-
turbance’, or ‘No’. I argued for this change in the hope of better distinguishing major
and minor mergers, motivated by the science case I outlined in Chapter 2. We made
this final "merger” change two months after launching GZD-5; 6722 GZD-5 galaxies
were fully classified before that date and so do not have responses from volunteers to
this question.

Several improvements were made to the illustrative icons shown for each answer.
These icons are the most visible guide for volunteers as to what each answer means
(complementing the tutorial, help text, field guide, and ‘Talk’ forum). Figure 4.3
shows the GZD-5 decision tree with new icons as shown to volunteers. The new icons
were made by Dr. Brooke Simmons and Becky Rother.

Changes to the decision tree complicate comparisons with other Galaxy Zoo

projects. As I show in the following sections, the available answers affect the sensitiv-
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Figure 4.3: Classification decision tree for GZD-5, with new icons as shown to vol-
unteers. Questions shaded with the same colours are at the same level of branching
in the tree; grey questions have zero dependent questions, green one, blue two, and
purple three.
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ity of volunteers to certain morphological features, and so morphology measurements
made with different decision trees may not be directly comparable. This difficulty in
comparison has historically required the Galaxy Zoo science team to be conservative
in making changes to the decision tree. However, the advent of effective automated
classifications allows for retrospective classifications using any preferred decision tree.
Specifically, in the work I present in this chapter, I trained our automated classifier to
predict what volunteers would have said using the GZD-5 decision tree, for galaxies
that were originally classified by volunteers using the GZD-1/2 decision tree (Section
4.5.1).

4.4 Volunteer Analysis

4.4.1 Improved Feature Detection from DECaLS imagery

The images used in GZ DECaLS are deeper and higher resolution than were available
for GZ2. The GZ2 primary sample [456] used images from SDSS DR7 [3], which are
95% complete to r = 22.2 with a median seeing of 1”4 and a plate scale of /396 per
pixel [467]. In contrast, GZ DECaLS used images from DECaLS DR2 to DR5, which
have a median 5o point source depth of r = 23.6, a seeing better than 173 for at least
one observation, and a plate scale of (/262 per pixel [99]@.

I hoped the improved imaging would reveal morphology not previously visible,
particularly for features which are faint (e.g. tidal features, low surface brightness
spiral arms) or intricate (e.g. weak bars, flocculent spiral arms). The GZD-5 changes
to the decision tree (Sec. 4.3.1) were partly made to better exploit this improved
imaging.

To investigate the consequences of improved imaging, I compared galaxies clas-
sified in both GZ2 and GZ DECalS. Galaxies will typically be classified by both
projects if they are inside both the SDSS DR7 Legacy catalogue (i.e. the source
GZ2 catalogue) and DECaLS DR5 footprints (broadly, North Galactic Cap galaxies
with —35 < 0 < 0) and match the selection criteria of each project (see [456] and Sec.
4.2.2). GZ2’s r < 17.0 cut, with no corresponding GZ DECaLS magnitude cut, means
that the odds of any given GZ2 galaxy being in GZ DECaLS is close to random (for
an isotropic sky) but only the brighter half of suitably-located GZ DECaL§ galaxies
are in GZ2. To exclude the effect of modifying the decision tree in GZD-5 (addressed
separately in Sec 4.4.2), I only compared GZ DECaLS classifications from GZD-1 and
GZD-2. 33,124 galaxies were classified in both GZ2 and GZD-1 or GZD-2.

6See also http://www.legacysurvey.org/dr5/description/
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Figure 4.4: Comparison of ‘Featured’ fraction for galaxies classified in both GZ2 and
GZ DECaLS. Ambiguous galaxies are consistently reported as more featured in GZ
DECaLS, which I attribute to the significantly improved imaging depth of DECaLS.

I found that volunteers successfully recognise newly-visible morphology features.
Figure 4.4 compares the distribution of vote fractions to ‘Is this galaxy smooth or
featured?’ for GZ2 and GZ DECaLS. Ambiguous galaxies, with ‘featured’ fractions
between approx. 0.25 and 0.75 are consistently reported as more featured (median
absolute increase of 0.13, median percentage increase of 22%) with the deeper GZ
DECaLS images.

The shift towards featured galaxies is an accurate response to the new images,
rather than systematics from (for example) a changing population of volunteers. Fig-
ure 4.5 compares the GZ2 and GZ DECaLS images of a random sample of galaxies
drawn from the 1000 cross-classified galaxies with the largest increase in ‘featured’
fraction. In all of these galaxies (and for a clear majority of galaxies in similar sam-
ples), volunteers are correctly recognising newly visible detailed features.

One can observe a similar pattern in the vote fractions of spiral arms and bars

104



Figure 4.5: GZ2 and GZ DECaLS images for 5 galaxies drawn randomly from the
1000 galaxies classified in both projects with the largest increase in ‘featured’ vote
fraction (reported fractions shown in red). The increased fraction accurately reflects
the increased visibility of detailed morphology from improved imaging.
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for featured galaxies. For galaxies consistently considered featured (i.e. where both
projects reported a ‘featured’ vote fraction of at least 0.5), the median vote fraction
for spiral arms increased from 0.84 to 0.9, and for bars from 0.21 to 0.24. This
suggests that even for galaxies where some details were already visible (and hence
were considered featured), improved imaging makes our volunteers more likely to
identify specific features.

I believe the improved depth of DECaLS (r = 23.6 vs r = 22.2 for SDSS) is
revealing low surface brightness features that were previously ambiguous. There may
also be contributions from the modified image processing approach and from the shift
between using gri bands (SDSS) to grz bands (DECaLS), which might make older
stars more prominent.

Comparing classifications made using the same possible answers on the same galax-
ies shows how improved DECaLS imaging leads to ambiguous galaxies being correctly
reported as more featured, and to spiral arms and bars being reported with more con-
fidence. However, volunteers are also sensitive to which questions are asked and how
those questions are asked. I consider the impact of our changes to the decision tree

‘Bar’ question for GZD-5 in the next section.

4.4.2 Improved Weak Bar Detection from GZD-5 Decision
Tree

To measure the effect of the new decision tree on bar sensitivity, I compared the
classifications made using each tree against expert classifications. Nair and Abraham
2010 [313] (hereafter NA10) classified all 14,034 SDSS DR4 galaxies at 0.01 < z < 0.05
with ¢ < 16. Of those, 1497 were imaged by DECaLS DR1/2 and classified by
volunteers during GZD-1/2. T chose to re-classify these galaxies during GZD-5 to
measure the effect of the new bar answers, as compared to the expert classifications
of NA10. Note that because NA10 used shallower SDSS images, NA10’s classifications
are best used as positive evidence; while NA10 finding a bar in SDSS images implies
a visible bar in DECaLS images, NA10 not finding a bar may not always exclude a
visible bar in DECaLS. To exclude smooth galaxies, which are unbarred by definition
in all Galaxy Zoo trees, I made a cut of freaturea > 0.25 (as measured by GZD-5),
selecting a featured sample of 807 galaxies classified by NA10, GZD-1/2, and GZD-5.

Figure 4.6 compares volunteer classifications for expert-labelled calibration galax-
ies made using each tree. Barred and unbarred galaxies are shown to be significantly
better separated with the Strong/Weak/None answers than with Yes/No answers. Of
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Figure 4.6: Left: Distribution of fraction of GZD-1/2 volunteers answering ‘Yes’ (not
‘No’ to ‘Does this galaxy have a bar?’, split by expert classification from NA10 of
barred (blue) or unbarred (orange). Right: as left, but for GZD-5 volunteers answer-
ing ‘Strong’ or ‘Weak’ (not ‘No’). Volunteers are substantially better at identifying
barred galaxies using the GZD-5 three-answer question.

220 Nair-identified bars (of any type), 184 (84%) received a majority vote for being
barred by volunteers using the new tree, up from 120 (55%) with the previous tree.

NAI10 classified barred galaxies into five subtypes: Strong, Intermediate, Weak,
Nuclear, Ansae, and Peanut (plus None, implicitly). T used the first three subtypes as
a measurement of expert-classified bar strength to evaluate how volunteers respond
to bars of different strengths. Following the approach for defining summary metrics
of Masters et al. 2019 [292], I summarised the bar vote fractions into a single vol-
unteer estimate of bar strength, By = fsrong + 0.5 fweax. Figure 4.7 compares the
distribution of B for each expert-classified bar strength. The volunteer bar strength
estimates increase smoothly with expert-classified bar strength, though individual
galaxies vary substantially. This suggests that typical bar strength in galaxy samples
can be successfully inferred from volunteer votes.

The addition of the ‘weak bar’ answer in GZD-5 significantly improves sensitivity
to bars compared with previous versions of the decision tree. Additionally, volunteer
votes across the three answers may be used to infer bar strength. I hope that the de-
tailed bar classifications in our catalogue will help researchers better understand the
properties of strong and weak bars and their influence on host galaxies. The classifi-

cations are already being used within the Galaxy Zoo science team by Tobias Géron
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Figure 4.7: Distributions of volunteer bar strength estimates, Byol = fstrong 0.5 fweak,
split by expert-classified (NA10) bar strength. Individual galaxies are shown with rug
plots (15 Strong, 110 Intermediate, 87 Weak, and 377 None). Volunteer bar strength
estimates increase smoothly with expert-classified bar strength, though individual
galaxies vary substantially.
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to evaluate whether strong or weak bars are distinct classes or part of a continuum,

and how each affects quenching (Géron, private communication).

4.4.3 Classification Modifications

Galaxy Zoo data releases have previously included two post-hoc modifications to
the volunteer classifications; volunteer weighting, to reduce the influence of strongly
atypical volunteers, and redshift debiasing, to estimate the vote fractions a galaxy
might have received had it been observed at a specific redshift. Redshift debiasing
was carried out by Sandor Kruk, Steven Bamford and Lee Kelvin using the method
described in Hart et al. 2016 [I57], and is fully described in the paper[] on which this
work is based; I describe volunteer weighting below.

Volunteer weighting, as introduced in Galaxy Zoo 2 [456], assigns each volunteer
an aggregation weight of (initially) one, and iteratively reduces that weight for vol-
unteers who typically disagree with the consensus. This method affects relatively few
volunteers and therefore causes only a small shift in vote fractions - in Galaxy Zoo 2,
for example, approximately 95% of volunteers had a weighting of one (i.e. unaffected),
94.8% of galaxies had a change in vote fraction of no more than 0.1 for any question,
and the mean change in vote fraction across all questions and galaxies was 0.0032.

The most significant change in final vote fractions is typically caused by down-
weighting rare (approx. 1%) volunteers who repeatedly disagree with consensus by
answering ‘artifact’ at implausibly high rates (including 100%) for many galaxies.
Answering artifact ends the classification and shows the next galaxy, and so it may
be that these rare volunteers are primarily interested in seeing many galaxies rather
than contributing meaningful classifications. There are very few such volunteers, but
because answering artifact allows classifications to be submitted very quickly, they
have an outsize effect on the aggregate vote fractions.

Figure 4.8 shows the distribution of reported artifact rates for volunteers with at
least 150 total classifications. The true fraction of artifacts is expected to be less
than 0.1, and the vast majority of volunteers report artifact rates consistent with
this. However, the distribution is bimodal, with a small second peak around 1.0 (i.e.
volunteers reporting every galaxy as an artifact). To remove the implausible mode, I
chose to discard the classifications of volunteers with at least 150 total classifications
and reported artifact rates greater than 0.5. In GZD-1/2, 1.1% (643) of volunteers
are excluded, discarding 11% (483,081) of classifications. In GZD-5, 0.03% (543)

"Galaxy Zoo DECaLS: Detailed Visual Morphology Measurements from Volunteers and Deep
Learning for 314,000 Galaxies, Walmsley et. al, under review and available on arxiv.
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Figure 4.8: Distribution of reported ‘artifact’ rates by volunteer (i.e. how often each
volunteer answered ‘artifact’ over all the galaxies they classified). The vast majority
report artifact rates consistent with those of the authors (below 0.1), but a very small
subset report implausibly high artifact rates (> 0.5) and consequently have their
classifications discarded. Only volunteers with at least 150 classifications are shown;
the distribution for volunteers with fewer classifications is not bimodal.

volunteers are excluded, discarding 5.3% (249,592) of classifications. Interestingly,
the bimodal distribution only appears when considering only volunteers with at least
approximately 100 total classifications, suggesting that artifact-clicking volunteers
tend to either stop after a handful (and so are indistinguishable from the volunteers
who happen to genuinely only see several artifacts) or click artifact on very large
numbers of galaxies.

I investigated the possibility of other groups of atypical volunteers giving similar
answers across questions by analysing the per-user vote fractions with either a two-
dimensional visualisation using UMAP [297] or with clustering using HDBSCAN [296].
I found no strong evidence that such clusters exist. The frequency of each answer does
vary substantially between volunteers, suggesting that more sophisticated weighting

may be important; I discuss this further in Sec. 4.8.
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Figure 4.9: GZD-1, GZD-2 and GZD-5 classification counts, excluding implausible
classifications (Sec. 4.4.3). GZD-1 has approximately 40-60 classifications, GZD-2
has approximately 40, and GZD-5 has either approximately 5 or approximately 30-
40. 5.9% of GZD-5 galaxies received more than 40 classifications due to mistaken
duplicate uploads.
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4.4.4 Retirement

For GZD-1 and GZD-2, all galaxies received at least 40 classifications (as with previ-
ous data releases). GZD-1 galaxies have between 40 and 60 classifications, selected at
random, while GZD-2 galaxies all have approximately 40. For GZD-5, galaxies classi-
fied before June 2019 also received approximately 40 classifications while I developed
the active learning system described in Sec. 3.2. I activated the system in June 2019.
Using active learning, galaxies expected to be the most informative for training our
deep learning model received 40 classifications, and all remaining galaxies received at
least 5 classifications.

The active learning system used a Bayesian CNN trained to predict the ‘Smooth
or Featured’ question following the same architecture and training procedure already
described in Sec. 3.2. The initial training set was all GZD-5 galaxies fully classified
(N > 36) by the time of activation. Each week, the model was retrained with all
galaxies fully classified by that date. Next, unlabelled galaxies were ranked with the
BALD-derived acquisition function (see Sec. 3.2), and the most informative 1000 of a
random 32768 galaxies were uploaded. I chose to select from a subset of galaxies not
yet classified for two reasons. The first was for computational efficiency: calculating
the acquisition function requires making 5 predictions per galaxy. The second was that
my ad hoc experiments showed that galaxies with the very highest acquisition function
values were often artifacts or otherwise highly unusual, and I was concerned these
might be too unusual to learn from effectively. I also added a retirement rule to retire
galaxies receiving 5 classifications of ‘artifact’, to help avoid volunteers being presented
with these prioritised artifacts. While active learning was running, I continued to
improve my Bayesian CNN approach based on the results of my experiments with

Galaxy Zoo 2 (Sec. 3.2). In the next section, I describe these improvements.

4.5 Automated Classifications

In Chapter 3 I showed how, through careful consideration of uncertainty, models can
both learn from uncertain volunteer responses and predict posteriors (rather than
point estimates) for new galaxies. However, my work also revealed some practical
limitations (Sec.3.3). Here, I describe improving my approach to overcome these
limitations. I then share results measuring the performance at predicting volunteer
votes for DECALS galaxies fully (N > 36) labelled during GZD-5. The improved

8To allow for shuffling the larger-than-memory galaxy dataset, I stored encoded galaxy images
in ‘shards’ of 4096 galaxies each. 32,768 corresponds to 8 such shards
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classification approach is then used to predict volunteer votes for all GZ DECaLS

galaxies.

4.5.1 Improved Bayesian Deep Learning Classifier

My overall goals remain the same as in the previous chapter. I aimed to develop a

classifier that can:

1. Learn efficiently from volunteer responses of varying (i.e. heteroskedastic) un-

certainty.
2. Predict posteriors for those responses on new galaxies, for every question.

In Chapter 3, my collaborators and I modelled volunteer responses as being bi-
nomially distributed and trained our model to make maximum likelihood estimates

using the loss function of Eqn. 3.6:

£ = klog f*(x) + (N — k)log(1 - [*(2))

where, for some target question, k is the number of responses (successes) of some
target answer, N is the total number of responses (trials) to all answers, and f*(x) = p
is the predicted probability of a volunteer giving that answer.

This Binomial assumption, while broadly successful, broke down for galaxies with
vote fractions % close to 0 or 1, where the Binomial likelihood is extremely sensitive
to f*(x), and for galaxies where the question asked was not appropriate (e.g. predict
if a featureless galaxy has a bar). Instead, in this chapter, the model predicts a
distribution p(p|f*(x)) and p is then drawn from that distribution.

One could parametrise p(p|f*(x)) with the Beta distribution (chosen for being
flexible and defined on the unit interval), and predict the Beta distribution parameters

fe(z) = (&, ) by minimising
£= [ Bin(hlp. N)Betalsla, 5)dads 43)

where the Binomial and Beta distributions are conjugate and hence this integral
can be evaluated analytically. This would work for binary questions, and hence (by
training a model to predict either ‘this answer’ or ‘not this answer’” for each answer,
see Sec. 3.1.3) for all questions. However, one would need to manage a menagerie of
models. It would be far more convenient to directly predict the responses to questions

with more than two answers. I therefore decided to replace each distribution with
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its multivariate counterpart; Beta(p|a, §) with Dirichlet(p|a), and Binomial(k|p, N)
with Multinomial(k|p, N).

L, = / Multi(k|p, N') Dirichlet(pla)da (4.4)

where k, p and o are now all vectors with one element per answer.

The Dirichlet-Multinomial distribution loss function is much more flexible than
the Binomial, allowing the model to express uncertainty through wider posteriors
and confidence through narrower posteriors. This is a major qualitative improvement
over the Binomial distribution loss function, where the model could only specify a
typical response probability p and the uncertainty was then completely determined
by the Binomial distribution shape given that p and the number of volunteers asked.
I believe this is a novel approach.

For the base architecture, I chose to use the EfficientNet BO model [414]. The Ef-
ficientNet family of models includes several architectural advances over the standard
architectures used commonly within astrophysics (e.g. [76, [100] 125l 191 227] and my
own previous work [444] [445]), including depthwise convolutions [I83], bottleneck lay-
ers [196], and squeeze-and-excitation optimisation [I86]. The EfficientNet BO model
was identified using multi-objective neural architecture search [164], 415], optimising
for both accuracy and FLOPS (i.e. computational cost of prediction). This balancing
of accuracy and FLOPS is particularly useful for astrophysics researchers with limited
access to GPU resources. I briefly experimented with a larger EfficientNet (B2) and
found no significant improvement in performance.

I modified the final EfficientNet B0 layer output units to give predictions smoothly
between 1 and 100 (using softmax activation), which is appropriate for Dirichlet pa-
rameters a. « elements below 1 can lead to bimodal ‘horseshoe’ posteriors, and
« elements above approximately 100 can lead to extremely confident predictions in
extreme p, both of which are implausible for galaxy morphology posteriors. These
constraints may cause galaxies where one answer is clearly the most appropriate to
have predicted vote fractions which are slightly less extreme than volunteers would
record, but I do not anticipate this to affect practical use; whether a galaxy is ex-
tremely likely to have a bar or merely highly likely is rarely of scientific consequence.
I experimented with less restrictive output ranges and found they did not improve
performance.

Lastly, motivated by recent empirical work showing that multi-task learning (where
a model learns to optimise several objectives at once) can counter-intuitively often

lead to better performance than ‘single-task’ learning [90], I wanted to predict the
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answers to every question with a single model. This is similar to the seminal work of
Dieleman et al. 2015 [I00], and unlike more recent work e.g. [227, 370}, 445]). Multi-
task learning is thought to improve performance because the model learns a shared
representation between tasks [72] - intuitively, knowing how to recognise spiral arms
can also help you count them. Learning from every galaxy to predict every answer uses
our valuable volunteer effort as efficiently as possible. This is particularly effective be-
cause [ aimed to predict detailed morphology, and so needed detailed representations
of each galaxy:.

To predict the answer to every question, my EfficientNet architecture has one
output unit per answer (i.e. for 13 questions with a total of 20 answers, I use 20 output
units). The (negative log) likelihood is calculated per question as above (Eqn. 4.4),
and then, treating the errors in the model’s answers to each question as independent

events, the total loss is calculated as

log £ = Z Ly(kq, Ny, £g) (4.5)
q

where, for question ¢, N, is the total answers, kg is the observed votes for each answer,
and fJ’ is the values of the output units corresponding to those answers (which we
interpret as the Dirichlet o parameters in Eqn. 4.4).

I trained the model using the GZD-5 volunteer classifications. Because the training
set includes both active-learning-selected galaxies receiving at least 40 classifications
and the remaining GZD-5 galaxies with around 5 classifications, it was crucial that the
model could learn efficiently from labels of varying uncertainty. Unlike the previous
chapter, where I trained one model per question and needed to filter galaxies where
that question asked may not be appropriate, this new model predicts answers to all
questions and learns from all labelled galaxies.

The galaxy images shown to volunteers (Section 4.2.3) were modified as follows. I
took an average over channels to remove colour information and avoid biasing our mor-
phology predictions (see Sec. 3.1.7.3), then resized and saved the images as 300x300x1
matrices in binary TFRecord format for rapid loading into memory. When loading
each image I apply random augmentations, creating a unique randomly-modified im-
age to be used as input to the network. I first apply random horizontal and vertical
flips, followed by an aliased rotation by a random angle in the range (0, ), with
missing pixels being filled by reflection on the boundaries. Finally, I crop the image

about a random centroid to 224x224 pixels, effectively zooming in slightly towards a
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random off-centre point. I also apply these augmentations at test time to marginalise
the posteriors over any unlearned variance.

I trained and evaluated models using the 249,581 (98.5%) GZD-5 galaxies with at
least three volunteer classifications. Learning from galaxies with even fewer (one or
two) classifications should be possible in principle, but I did not attempt it as I do
not expect galaxies with so few classifications to be significantly informative.

The Dirichlet concentrations (distribution parameters) used to calculate the met-
rics were predicted by three identically-trained models, each making 5 forward passes
with random dropout configurations and augmentations. The motivation for using
multiple models, over and above the usual benefits of ensembling (see Sec. 2.3), is that
recent empirical work [137] suggests that model initialisation has a substantial effect
on predictions even when using MC Dropout. Using several models (with different
random initialisations) mitigates this. I ensembled all 15 forward passes by simply
taking the mean posterior given the total votes recorded, which may be interpreted as
the posterior of an equally-weighted mixture of Dirichlet-Multinomial distributions.
This mean posterior can then be used to calculate credible intervals (error bars) and
in standard statistical analyses. I developed my approach using a conventional 80/20
train-test split, and made a new split before calculating the final metrics reported
here.

For the published automated classifications, where I simply aimed to make the
best predictions possible rather than to test performance, I trained models on all
249,581 galaxies with at least 3 votes. I trained five rather than three models to
maximise performance. Training each model on an NVIDIA V100 GPU took around
24 hours. I then made predictions (using the updated GZD-5 schema) on all 313,789
galaxies in all campaigns.

When I previously argued (3.1.1) for the importance of automated morphological
classification, I focused on the need to scale: being able to quickly classify large
surveys. My ensemble of networks achieves this goal: each prediction (forward pass)
takes approx. 6ms, equating to approx. 160ms for each published posterior and
so around half a day to classify all GZ DECaLS galaxies. The speed of classification
enables a further practical benefit: 1 can retroactively update the Galaxy Zoo decision
tree. Because our classifier learns to make predictions from GZD-5 classifications,
using the improved tree with better detection of mergers and weak bars, I can predict
what our volunteers would have said for the GZD-1 and GZD-2 galaxies had they been

using the improved tree at that time.
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4.5.2 Results

The classifier successfully predicts posteriors for volunteer votes to each question. I
show example posteriors for a question with two answers, ‘has spiral arms’, in Fig.
4.10, and a question with three answers, ‘bulge size’, in Fig. 4.11.

To aid intuition for the typical performance, I reduced both the vote fraction
labels and the posteriors down to discrete classifications, and calculated classification
metrics (Table 4.1) and confusion matrices (Figures 4.12-4.13). Here and throughout
this section, to remove galaxies for which the question is not relevant, I only count
galaxies where at least half the volunteers were asked that question. I report two
sets of classification metrics; metrics for all (relevant) galaxies, and only for galaxies
where the volunteers are confident (defined as having a vote fraction for one answer
above 0.8, following [104]).

The performance on confident galaxies is useful to measure because such galaxies
have a well-known correct label. For such galaxies, performance is near-perfect; we
achieve better than 99% accuracy for most questions, with the lowest accuracy (for
spiral arm count) being 98.6%. The confusion matrices reflect this, showing little
notable confusion for any question.

Reported performance on all galaxies will be lower than on confident galaxies as
the correct labels are uncertain. The measured vote fractions are approximations of
the theoretical ‘true’ vote fractions (as one cannot ask infinitely many volunteers),
and many galaxies are genuinely ambiguous and do not have a meaningful ‘correct’
answer. No classifier should achieve perfect accuracy on galaxies where the volunteers
themselves are not confident. Nonetheless, performance is more than sufficient for
scientific use; accuracy ranges from 77.4% (spiral arm count) to 98.7% (disk edge on).
We observe some moderate confusion between similar answers, particularly between
No or Weak bar, Moderate or Large bulges, and Two or Three spiral arms, which
matches our intuition for the answers that volunteers might confuse and so likely
reflects ambiguity in the training data. More surprisingly, there is also confusion
between Two spiral arms and Can’t Tell. Figure 4.16 shows random examples of
spirals where the most common volunteer answer was Two, but the classifier predicted
Can’t Tell, and vice versa. In both cases, the galaxies generally have diffuse or
otherwise subtle spiral arms embedded in a bright disk, confusing both human and
machine. This highlights the difficulty in using discrete classification metrics to assess
performance on ambiguous galaxies.

To mitigate the ambiguity in classifications of galaxies, one can instead measure

regression metrics on the vote fractions without rounding to discrete classifications.
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0 1 2 3
"Has Spiral Arms" votes

Figure 4.10: Posteriors for ‘Does this galaxy have spiral arms?’, split by ensemble
model (bold colours) and, within each model, dropout forward passes (faded colours).
The number of volunteers answering ‘Yes’ (not known to classifier) is shown with a
black dashed line. Galaxies selected at random from the test set, provided the spiral
question is relevant (defined as a vote fraction of 0.5 or more to the preceding answer,
‘Featured’. The image presented to volunteers is shown to the right. The model input
is a cropped, downsized, greyscale version (Sec 4.5.1).
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Figure 4.11: Posteriors for ‘Does this galaxy have a bar?’, for the same random
galaxies selected in Fig. 4.10. Each point is coloured by the predicted probability
of volunteers giving that many ‘Strong’, ‘Weak’, and (implicitly, as the total answers
is fixed) ‘None’ votes. The volunteer answer (not known to classifier) is circled. For
clarity, only the mean posterior across all models and dropout forward passes is shown.

119



Question ‘ Count ‘ Accuracy | Precision ‘ Recall ‘ F1

Smooth Or Featured | 11346 | 0.9352 0.9363 0.9352 | 0.9356
Disk Edge On 3803 | 0.9871 0.9871 0.9871 | 0.9871
Has Spiral Arms 2859 | 0.9349 0.9364 0.9349 | 0.9356
Bar 2859 | 0.8185 0.8095 0.8185 | 0.8110
Bulge Size 2859 | 0.8419 0.8405 0.8419 | 0.8409
How Rounded 6805 | 0.9314 0.9313 0.9314 | 0.9313
Edge On Bulge 506 0.9111 0.9134 0.9111 | 0.8996
Spiral Winding 1997 | 0.7832 0.8041 0.7832 | 0.7874
Spiral Arm Count 1997 | 0.7742 0.7555 0.7742 | 0.7560
Merging 11346 | 0.8798 0.8672 0.8798 | 0.8511

(a) Classification metrics for all galaxies

Question ‘ Count ‘ Accuracy Precisionﬂ‘ Recal]ﬂ‘ F

Smooth Or Featured | 3495 | 0.9997 0.9997 0.9997 | 0.9997
Disk Edge On 3480 | 0.9980 0.9980 0.9980 | 0.9980
Has Spiral Arms 2024 | 0.9921 0.9933 0.9921 | 0.9924
Bar 543 0.9945 0.9964 0.9945 | 0.9951
Bulge Size 237 1.0000 1.0000 1.0000 | 1.0000
How Rounded 3774 | 0.9968 0.9968 0.9968 | 0.9968
Edge On Bulge 258 0.9961 0.9961 0.9961 | 0.9961
Spiral Winding 213 0.9906 1.0000 0.9906 | 0.9953
Spiral Arm Count 659 0.9863 0.9891 0.9863 | 0.9871
Merging 3108 | 0.9987 0.9987 0.9987 | 0.9987

(b) Classification metrics for galaxies where volunteers are confident

®The proportion of predicted positives that are actually positive %
TP

TPLEN

TP+0.5(FP+FN)’

bThe proportion of positives predicted as such

¢The harmonic mean of precision and recall acknowledging the tradeoff between

completeness and contamination

Table 4.1: Classification metrics on all galaxies (above) or on galaxies where volunteers
are confident for that question (i.e. where one answer has a vote fraction above 0.8).
Multi-class precision, recall and F1 scores are weighted by the number of true galaxies
for each answer. Classifications on confident galaxies are near-perfect.
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Figure 4.14 shows the mean deviations between the model predictions (mean pos-
teriors) and the observed vote fractions, by question, for retired test set galaxies.
Performance is again excellent, with the predictions typically well within 10% of the
observed vote fractions. Predicting spiral arm count is relatively challenging, as noted
above. Predicting answers to the ‘Merger’ question of ‘None’ (i.e. not a merger) is
also challenging, perhaps because of the rarity of counter-examples.

Even the volunteer vote fractions are themselves somewhat uncertain for many
galaxies. The ultimate aim is to predict the true vote fraction, i.e. the vote fraction
from limy_,o, volunteers, but one can only even measure the vote fraction from N
volunteers. However, 387 pre-active-learning galaxies were erroneously uploaded twice
or more, and so received more than 75 classifications each. I therefore compared the
predictions against only these confidently-known galaxies. Specifically, I calculated
the deviations from asking fewer (N << 75) volunteers by artificially truncating
the number of votes collected. I can then ask ‘how many volunteer responses to that
question would we need to have errors similar to that of our model?’ Figure 4.15 shows
the model and volunteer deviations for a representative selection of questions; the
model predictions are as accurate as asking that question to around 10 volunteers E|
The actual number of volunteers needed to be shown that galaxy to achieve equivalent
accuracy will be higher for questions only asked given certain previous answers (i.e.
all but ‘Smooth or Featured?” and ‘Merger?’), as some will give different answers to
preceding questions and so not be asked that question.

I also measured if the posteriors correctly estimate this uncertainty. As a quali-
tative test, Figure 4.17 shows a random selection of galaxies binned by ‘Smooth or
Featured’ vote fraction prediction entropy, measuring the model’s uncertainty. Pre-
diction entropy was calculated as the (discrete) Shannon entropy over all possible
combinations of votes, assuming 10 total votes for this question (the results are ro-
bust to other choices of total votes). Unusual, inclined or poorly-scaled galaxies have
highly uncertain (high entropy) votes, while smooth and especially clearly featured
galaxies have confident (low entropy) votes. The most uncertain galaxies (not shown)
are so poorly scaled (due to incorrect estimation of the Petrosian radius in the NASA-
Sloan Atlas) that they are barely visible. These are the galaxies I would intuitively
expect to be uncertain.

More quantitatively, Figure 4.18 shows the calibration of our posteriors for the two
binary questions in GZD-5 - ‘Edge-on Disk” and ‘Has Spiral Arms’. A well-calibrated

posterior dominated by data (i.e. where the prior has a minimal effect) will include

9The model is, in this strict sense, slightly superhuman.
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the measured value within any bounds as often as the total probability within those
bounds. I calculated calibration by, for each galaxy, iterating through each symmetric
highest posterior density credible interval (i.e. starting from the posterior peak and
moving the bounds outwards) and recording both the total probability inside the
bounds and whether the recorded volunteer vote is inside the bounds. I then grouped
(binned) by total probability and recorded the empirical frequency with which the
votes lie within bounds of that total probability. Calibration is found to be excellent.
Our classifier is correctly uncertain.

Such confident galaxies are expected to have a clearly correct label, making correct
and incorrect predictions straightforward to measure but also making the classification
task easier.

The ultimate measure of success is whether the predictions are useful for science.
Masters et al. 2019 [295] (hereafter M19) used GZ2 classifications to investigate the
relationship between bulge size and winding angle and found - contrary to a conven-
tional view of the Hubble sequence - no strong correlation. I repeated this analysis
using our (deeper) DECaLS data, using either volunteer or automated classification,
to check if the automated classifications lead to the same science results as the vol-
unteers.

Specifically, I selected a clean sample of face-on spiral galaxies using M19’s vote
fraction cuts of frear > 0.43, frot-edge-on > 0.715, and fopiralyes > 0.619. I also made a
cut of frerging=none > 0.5, analogous to M19’s f,qq cut, to remove galaxies with ongoing
mergers or with otherwise disturbed features. For the volunteer vote fractions, I could
have used either GZD-1/2 or GZD-5 classifications, since the former decision tree had
three bulge size answers and the latter had five; I chose GZD-5 to benefit from the
added precision of additional answers. I only used galaxies classified prior to active
learning being activated. I used the same automated classifications with which the
other results in this section are calculated; predictions from an ensemble of three
models, each making five dropout forward passes. This expands the sample size
from 5,378 galaxies using GZD-5 volunteers only to 43,672 galaxies using automated
classification™]

I calculated bulge size and spiral winding following Eqn. 1 and 3 in M19, trivially

generalising the bulge size calculation to allow for five bulge size answers:

10Gelected with the requirements above from all 313,798 GZ DECaLS galaxies
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Figure 4.12: Confusion matrices for each question, made on the test set of 11,346
galaxies in the (random) test set with at least 34 votes. Discrete classifications are
made by rounding the vote fraction (label) and mean posterior (prediction) to the
nearest integer. The matrices then show the counts of rounded predictions (x axis)
against rounded labels (y axis). To avoid the loss of information from rounding, we
encourage researchers not to treat Galaxy Zoo classifications as discrete, and instead
to use the full vote fractions or posteriors where possible.
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Figure 4.13: Confusion matrices for test set galaxies where the volunteers are confident
in that question, defined as having the vote fraction for one answer above 0.8. Such
confident galaxies are expected to have a clearly correct label, making correct and
incorrect predictions straightforward to measure but also making the classification
task easier. To avoid the loss of information from rounding, we encourage researchers
not to treat Galaxy Zoo classifications as discrete, and instead to use the full vote
fractions or posteriors where possible.

124



smooth-or-featured_smooth
smooth-or-featured_featured-or-disk
smooth-or-featured_artifact
disk-edge-on_yes
disk-edge-on_no
has-spiral-arms_yes
has-spiral-arms_no
bar_strong

bar_weak

bar_no
bulge-size_dominant
bulge-size_large
bulge-size_moderate
bulge-size_small
bulge-size_none
how-rounded_round
how-rounded_in-between
how-rounded_cigar-shaped
edge-on-bulge_boxy
edge-on-bulge_none
edge-on-bulge_rounded
spiral-winding_tight
spiral-winding_medium
spiral-winding_loose
spiral-arm-count_1
spiral-arm-count_2
spiral-arm-count_3
spiral-arm-count_4
spiral-arm-count_more-than-4
spiral-arm-count_cant-tell
merging_none
merging_minor-disturbance
merging_major-disturbance
merging_merger

0.00 0.05 0.10 0.15
Vote Fraction Mean Deviation

Figure 4.14: Mean absolute deviations between the model predictions and the ob-
served vote fractions, by question, for the retired test set galaxies. The model is
typically well within 10% of the observed vote fractions.
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Asking only a few volunteers gives a noisy estimate of the true vote fraction. Asking
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vote fraction is similar to the error of the automated classifier, meaning they make
classifications of similar accuracy; this number is where the solid and dashed lines
intersect. We find the automated classifier has a similar accuracy to approx. 5 to 15

volunteers, depending on the question.
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Figure 4.16: Random spiral galaxies where the classifier confuses the most likely
volunteer vote for spiral arm count between ‘2’ and ‘Can’t Tell’. Above: galaxies
where the classifier predicted ‘2’ but more volunteers answered ‘Can’t Tell’. Below:
vice versa, galaxies where the classifier predicted ‘Can’t Tell’ but more volunteers
answered ‘2’. Red text shows the volunteer (vol.) and machine-learning-predicted
(ML) vote fractions for each answer. Counting the spiral arms is challenging, even
for the authors. This highlights the difficulty in assessing performance by reducing
the posteriors to classifications and then comparing against uncertain true labels.
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Entropy
0.57-1.14 1.14-1.70 1.70-2.26 2.26-2.83

Figure 4.17: Galaxies binned by ‘Smooth or Featured’ vote prediction entropy, mea-
suring the model’s uncertainty in the votes. Bins (columns) are equally spaced
(boundaries noted above). Five random galaxies are shown per bin. Unusual, inclined
or poorly-scaled galaxies have highly uncertain (high entropy) votes, while smooth
and especially clearly featured galaxies have confident (low entropy) votes, matching
our intuition and demonstrating that our posteriors provide meaningful uncertainties.
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Figure 4.18: Calibration curves for the two binary GZ DECaLS questions. The z-
axis shows the credible interval width - for data-dominated posteriors, roughly (e.g.)
30% of galaxies should have vote fractions within their 30% credible interval. The
y-axis shows what percentage actually do fall within each interval width. We split
calibration by galaxies with few votes (and hence typically wider posteriors) and more
votes (narrower posteriors). Only credible interval bins with at least 100 galaxies are
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shown. Calibration for both questions is excellent.
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Figure 4.19: Distribution of bulge size vs. spiral winding, using responses from vol-
unteers (left) or our automated predictions (right). We observe no clear correlation
between bulge size and spiral winding, consistent with M19. The distributions are
consistent between volunteers and our automated method. We hope this demonstrates
the accuracy and scientific value of our automated classifier.

Wavg = 0.5 fmedium + ]-'Oftight (46)
Ban = 0'25fsma11 + O-5fmoderate + 0-75f1arge + 1-Ofdominant (47)

Both human and automated classification methods found no correlation between
bulge size and spiral winding, consistent with M19. Figure 4.19 shows the distribution
of bulge size against spiral winding using either volunteer predictions (fractions) or
the deep learning predictions (expected fractions) for the sample of featured face-on
galaxies selected above. The distributions are indistinguishable, with the automated
method offering a substantially larger (approx 8x) sample size. I hope this demon-

strates the accuracy and scientific value of my automated classification approach.

4.6 Usage

4.6.1 Catalogues

The Galaxy Zoo DECaLS data release includes two volunteer catalogues and two au-
tomated catalogues, available on Zenodo at https://doi.org/10.5281 /zenodo.4196266
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(along with the galaxy images).

gz_decals_volunteers_ab includes the volunteer classifications for 92,960 galax-
ies from GZD-1 and GZD-2. Classifications were made using the GZD-1/2 decision
tree. All galaxies received at least 40 classifications, and consequently have approx-
imately 30-40 after volunteer weighting (Sec. 4.4.3). This catalogue is ideal for
researchers needing standard morphology measurements on a reasonably large sam-
ple, with minimal complexity. 33,124 galaxies in this catalogue were also previously
classified in GZ2; the GZD-1/2 classifications are better able to detect faint features
due to deeper DECaLS imaging, and so should be preferred.

gz_decals_volunteers_c includes the volunteer classifications from GZD-5. Clas-
sifications are made using the improved GZD-5 decision tree which adds more detail
for bars and mergers (Sec. 4.4.2). This catalogue includes 253,286 galaxies, but each
galaxy does not have the same number of classifications. 59,337 galaxies have at least
30 classifications (after denoising), and the remainder have far fewer (approximately
5). This catalogue may be useful to researchers who prefer a larger sample than
gz_decals_volunteers_ab at the cost of more uncertainty and the introduction of
selection effects, or who need detailed bar or merger measurements for a small number
of galaxies.

The automated classifications are made using the Bayesian deep learning clas-
sifier, trained on gz_decals_volunteers_c to predict the answers to the GZD-5
decision tree for all GZ DECaLS galaxies (including those in GZD-1 and GZD-2).
gz_decals_auto_posteriors contains the predicted posteriors for each answer -
specifically, the Dirichlet concentration parameters that encode the posteriors. I hope
this catalogue will be helpful to researchers analysing galaxies in Bayesian frameworks
similar to those used to great effect in cosmology.

gz_decals_auto_fractions reduces those posteriors to the automated equivalent
of previous Galaxy Zoo data releases, containing the expected vote fractions (mean
posteriors). Note that not all vote fractions are relevant for every galaxy; I suggest
assessing relevance using the estimated fraction of volunteers that would have been
asked each question, which I also include. T hope this catalogue will be useful to
researchers seeking detailed morphology classifications on the largest possible sample,
who might benefit from error bars but do not need full posteriors.

The automated classifications may be interactively explored at https://share.strearnlit.io/mwaln

poster/gz_decals_mike_walmsley.py.
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4.7 Discussion

What does a classification mean? The comparison of GZ2 and GZ DECaLS images
(Fig. 4.5) highlights that Galaxy Zoo classifications aim to characterise the clear
features of an image, and not what an expert might infer from that image. For exam-
ple, volunteers might see an image of a galaxy that is broadly smooth, and so answer
smooth, even though our astronomical understanding might suggest that the faint fea-
tures around the galaxy core are likely indicative of spiral arms that would be revealed
given deeper images. This situation occurs in several galaxies in Fig. 4.5. These ‘raw’
classifications will be most appropriate for researchers working on computer vision or
on particularly low-redshift, well-resolved galaxies. I hope that publishing the origi-
nal images alongside the data release (https://doi.org/10.5281 /zenodo.4196266) will
support such computer vision work. The redshift-debiased classifications, which are
effectively an estimate of galaxy features not clearly seen in the image, will be most
appropriate for researchers especially interested in fainter features or studying links
between our estimated intrinsic visual morphologies and other galaxy properties.

I showed in Sec. 4.4.2 that changing the answers available to volunteers signifi-
cantly improves our ability to identify weak bars. This highlights how classifications
are only defined in the context of the answers presented. One cannot straightforwardly
compare classifications made using different decision trees. Our scientific interests and
our understanding of volunteers both evolve, and so the Galaxy Zoo decision trees
must also evolve to match them. However, only the last few years of volunteer clas-
sifications will use the latest decision tree (based on previous data releases), placing
an upper limit on the number of galaxies with compatible classifications at any one
time. Our automated classifier resolves this here by allowing us to retrospectively ap-
ply the GZD-5 decision tree (with better weak bar detection, among other changes)
to galaxies only classified by volunteers in GZD-1 and GZD-2. This flexibility ensures
that Galaxy Zoo will remain able to answer the most pertinent research questions at
scale.

[ have shown (4.5.2) that our automated classifier is generally highly accurate, well-
calibrated, and leads to at least one equivalent science result. However, we cannot
exclude the possibility of unexpected systematic biases or of adversarial behaviour
from particular images. Avoiding subtle biases and detecting overconfidence on out-
of-distribution data remain open computer science research questions, often driven by
important terrestrial applications [120] 145], 168, 287, [355] [394], 409], 465]. Volunteers

also have biases (e.g a slight preference for recognising left-handed spirals, [245])
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and struggle with images of an adversarial nature (e.g. confusing edge-on disks with
cigar-shaped ellipticals), though these can often be discovered and resolved through
discussion with the community and by adapting the website. I discuss this further in

the main Conclusion (Chapter 7).

4.8 Future of Morphology Classification

This chapter presented an automated classifier that predicts the majority volunteer
response with near-perfect accuracy [[] when considering only galaxies where the vol-
unteers are confident. Any further raw progress in automated classification (from
better architectures, etc.) must therefore show improved performance on galaxies
where volunteers are not confident. But when the volunteers are not confident, we
do not know which prediction is correct - so how can we measure performance? I
have mitigated this issue using the vote fractions instead of majority response and
using galaxies with unusually many (N > 75) volunteers (Sec. 4.5.2). However, these
do not fully address the fundamental problem. I believe that the limiting factor in
automatic classifications is now our statistical knowledge of the volunteers. Extensive
work in citizen science [172, 441] and even specifically with Galaxy Zoo [392] shows
that statistical models of individual volunteers can dramatically improve the reliabil-
ity of the final aggregated measurements, or at least better quantify the uncertainty of
those measurements. Such statistical models could be combined with representations
of each galaxy extracted from deep learning models to understand how volunteers
react to different galaxy features - to recognise that a volunteer may often confuse
rounded with boxy bulges but be excellent at spotting weak bars, for example. These
models could also be straightforwardly extended to include redshift debiasing in a
principled manner, rather than as an ad-hoc matching of distributions.

Galaxy Zoo aims to provide detailed morphology classifications suitable for com-
mon science cases and has been extensively used as such. Galaxy Zoo is also often the
basis for developing automated classification methods, perhaps because of the large
size of the labelled dataset, the breadth of available questions, and the continuing in-
fluence of the 2015 Kaggle competition [100]. However, there are many other projects
attempting to solve important morphology classification problems not addressed by
Galaxy Zoo. I would therefore like to review the progress in automated morphology
classification more broadly, and then consider how my work with Galaxy Zoo and the

methods I presented in the previous chapters might best fit into a larger system.

"The classifier achieves 99% accuracy for every question - see Sec. 4.5.2
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Many deep learning tools have been used to interpret galaxy images. Self-supervised
methods, where a generative model learns to predict existing data without the need
for external labels, appears a natural fit for galaxy morphology because examples
of galaxies are plentiful. Being able to exploit far more data helps models learn
more sophisticated representations, a crucial benefit I return to shortly. Generative
models with either an explicit likelihood (e.g. pixelCNN, [435, [436]) or methods to
estimate a likelihood (e.g. generative adversarial networks, [I50]) are well-suited to
detecting anomalied™} images which are statistically unlike those seen before. Both
methods have been successfully applied to galaxy images [287, [354, [374) 1406 [469].
However, because self-supervised models learn representations based only on the im-
age content, those representations will include features that affect the image but are
not astrophysically meaningful. For example, Spindler et al. 2020 [401] successfully
trains a variational autoencoder to generate SDSS-like galaxy images, but find that
a classification schema derived from the autoencoder’s representations places undue
importance on foreground/background companion objects. This lack of semantic
understanding poses a problem for purely self-supervised classification approaches.
Instead, much classification work - including these past chapters - has focused on
supervised approaches. I have already summarised the successes of supervised galaxy
classification (3.1.1) and introduced several advances to use human labels more effi-
ciently (Sections 3.1.3, 3.2, 4.5) However, it may possible to combine both supervised
and self-supervised approaches.

Recent empirical research suggests that the performance of deep natural language
models with Transformer architectures [440] follows fundamental scaling relations.
Broadly speaking, performance increases approximately as a power law with respect
to either the number of model parameters, the size of the training dataset, or the com-
putational budget, provided the two fixed variables are sufficient [210]. For example,
increasing the number of model parameters will likely increase performance provided
one has access to effectively unlimited data and compute. Most researchers have
neither, and so the best-performing models are increasingly created by a few well-
resourced groups such as OpenAl (in partnership with Microsoft) [59] and Google
Brain [123]. These natural language models are trained to predict missing words in
sentences (along with related tasks) and so effectively all digitised writing is poten-
tially useful training data. Having learned an effective representation of language, the

models can then be fine-tuned on so-called domain tasks: tasks of practical interest

12More formally, out-of-distribution data
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such as summarising news articles, coding websites, or writing poetry. Crucially, be-
cause the fundamental language representation is already learned, fine-tuning requires
far more modest data and compute.

Could such an approach work for galaxy morphology? CNN probably follow sim-
ilar scaling laws [383] as do vision-based Transformers [169]. Recent work by Hayat
et al. 2020 [161]) uses self-supervised learning to learn galaxy representations explicitly
for generic downstream tasks. Fine-tuning in a supervised context has been exten-
sively used to make galaxy-related predictions on new surveys using models pretrained
on ImageNet [0, 289, [461] or other surveys [105, 279, 339, 416] If we combine all these

ideas, we can have the best of every method. To summarise the strategy:

1. Use contrastive learning to train a self-supervised model on large galaxy survey.
Invest the time and computation to use the plentiful data to train the largest

feasible model.

2. Gradually retrain that model to predict Galaxy Zoo votes for all questions using
the methods I have introduced, allowing the representation (weights) to evolve.
By using Galaxy Zoo votes, we encourage the representation to be physically

meaningful for a broad range of tasks.

3. Share the model with the community. Other researchers can then create very
effective models fine-tuned for their specific galaxy morphology tasks using min-

imal data (perhaps on the order of hundreds of examples).

The first two steps could be done combined using the ‘noisy student’ approach pre-
sented in Xie et al. 2020 [463].

I believe the future of morphology classification is in such thoughtful combination
of volunteers and probabilistic deep learning. These combinations will be more than
just faster; they will be replicable, uniform, error-bounded, and quick to adapt to new
tasks. They will let us ask new questions - draw the spiral arms, select the bar length,
separate the merging galaxies pixelwise - which would be infeasible with volunteers
alone for all but the smallest samples (e.g. [264]). And they will find the interesting,
unusual and unexpected galaxies which challenge our understanding and inspire new

research directions.
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Chapter 5

Finding Faint Fast Radio Bursts
with CHIME

5.1 Introducton

In the preceding two chapters (3-4), I showed how machine learning could be combined
with citizen science to efficiently classify large galaxy samples. Active learning was key
to this approach; since not all galaxies can be labelled, one should label the galaxies
that would be most informative for the machine learning model to learn from. But
what if we can’t even record all the data to label in the first place? Such a situation
is common in radio transient astronomy, where the raw data rates often vastly exceed
any realistic hope of storage. In this chapter, I attempt to address such a problem:
identifying faint fast radio bursts in data that would otherwise be discarded.

Fast radio bursts (FRBs) are as-yet-unexplained extragalactic signals with pulsar-
like profiles. The first identified example was the Lorimer burst, found in an archival
search of Parkes data by Lorimer et al. (2007) . The Lorimer burst was remarkable
for being both extremely bright (it saturated the primary Parkes receiver) and dis-
tant (with a dispersion measureE] of 375 pc cm™3). While initially controversial, the
Lorimer burst was established as belonging to a broader population by subsequent
detections of similar extragalactic bursts such as those reported by Thornton et al.
(2013) [425]. At the time of writing, approximately 285 such bursts have been iden-
tified and published’] 19 have been observed to repeat [19, 20, 131], 402]; whether

these represent a distinct population is an intriguing open question. The geographic

'Free electrons between source and observer cause radio signals to arrive with a time delay
proportional to »~2. Dispersion measure is the integrated free electron density between source and
observer inferred from the measured delays.

2An up-to-date list can be found at https://www.wis-tns.org/, based on work by Petroff et al.
2016 [342]
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diversity of detectors (Parkes, Green Bank, Arecibo, ASKAP, UTMOST, etc.) rules
out the possibility of Peryton-like false positives [269]. Localisations of various bursts
to host galaxies [19], 20], 40, 131, 165, 220] confirms the bursts are of extragalactic
origin. However, beyond their distant existence, much remains unknown.

Many theories for their origin have been proposed [215] including compact mergers
(e.g. neutron stars [429]), neutron star collapse [121], and ‘artificial beams for driving
light sails’ [263]. Magnetar flares are currently the leading candidate (see e.g. [278,
338]). The short timescale and significantly (pulsar-like) polarized pulses suggest the
sources are compact objects with strong magnetic fields, and the repeating nature of
some bursts require a non-cataclysmic origin [215]. Whether magnetars can generate
the extreme energies implied by the cosmological distances of FRBs was a major
barrier for the theory until recently. In April 2020, CHIME and STARE2 detected
an FRB-like signal from galactic magnetar SGR 1935+2154 [21], [47]. The evidence
that SGR 193542154 was the source is compelling; the source was localised to within
1deg of SGR 193542154, the CHIME-estimated dispersion measure (approximately
330 pc cm™3) is within the Milky Way and consistent with SGR 1935+2154, and the
radio detection was coincident (1ms) with independent gamma and X-ray detections
matching in time and dispersion [300, B11]. The detected radio fluence implied a burst
energy of 103* —10% ergs, three orders of magnitude brighter than previously observed
for magnetars and approaching that of typical FRB (the closest FRB with well-
determined distances, FRB 181030.J1054+736 and FRB 141113, had approximately
1036 — 10% ergs). The discovery of fainter FRB might close the remaining gap;
however, as Andersen et al. 2020 [21] writes, ‘the detection of these faint FRB is
limited by the sensitivity of our instruments’ . Identifying such faint FRB is a major
goal of my work.

Identifying new FRB can also help constrain theories. Comparing the rates and
host galaxies of FRB with the rates and hosts predicted by each theory is one ap-
proach. For example, the host galaxies of the first four bursts localised by ASKAP [40]
disfavour SLSNe magnetars’, but core-collapse magnetars ‘remains plausible’. New
large samples of FRB may also reveal if repeating FRB share the same origin as FRB
not observed to repeat. The repeating pulses detected to date show statistically sig-
nificant (4 —50) increases in burst widths, lending credence to the idea that repeaters

may have a different origin. The distribution of dispersion measures, in contrast, is

390% of low-z SLSNe magnetars lie on the starforming main sequence, but the ASKAP FRB do
not [40].
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entirely consistent. Much larger samples should establish which burst features, if any,
are definitively distinct [343].

Fast radio bursts are also useful for cosmology as probes of ionized baryons. The
dispersion of fast radio bursts as a function of redshift, DM(z), directly depends on
the electron column density (and hence ionized baryon density) of the IGM. McQuinn
2014 [299] argues that the scatter in DM(z) between different sightlines (sources) is
driven by the number of collapsed halos each sightline encounters, as diffuse ionised
baryons will make similar contributions for any sightline. The scatter of the fast radio
burst DM(z) distribution should therefore measure the proportion of ionised baryons
in collapsed halos versus the diffuse IGM.

The distribution of dispersion measures p(DM) is itself useful for measuring helium
reionization, with no redshifts required. Reionization occurs at approximately z &
3, and so bursts above that redshift are able to probe reionization [41l 262]; these
correspond to dispersions of around 3000-5000 pc cm™3, around twice the highest
published FRB dispersion [I31]. Finding high-dispersion FRBs is directly connected
to finding faint FRBs, and so finding high-dispersion FRBs is similarly a major goal
of this chapter.

Unfortunately, the scarcity of published detections restricts our ability to con-
strain source theories or to probe cosmic baryon distributions. This will change.
Considering the narrow sky coverage of the instruments currently used to make de-
tections, detecting 285 events to date implies that FRB must be common: over the
full sky, one expects approximately 10> — 10* FRB per day with a fluence of > 1 Js
ms [346]. Wide-area surveys are therefore likely to dramatically increase the number
of detections.

CHIME (Canada Hydrogen Intensity Mapping Experiment) is one such wide-
area survey, operating at 0.4 - 0.8GHz [18]. Originally designed to map hydrogen
density, CHIME has been extended] to include a synchronous scan for FRBs. Since
starting operations in 2018, CHIME has discovered 18 of 19 published repeating FRBs
[19], 20, 131] (all but the first) as well as at least 700 unpublished single pulse FRBs
[131].

The CHIME instrument paper [18] states that CHIME archives o > 10 events
due to data storage constraints and the time required to manually review candidates.
Such signals are identified by calculating the signal-to-noise at each leaf of a tree
search through possible dispersion measures [I§]. Assuming FRB are approximately

uniformly-distributed standard candles, back-of-the-envelope calculations I introduce

4in the literal sense - with a shielded shipping container of computing hardware
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below (Sec. 5.3) suggest that slightly fainter FRB are likely to be common. However,
CHIME does not currently have algorithms to search for FRBs in such low o events,
ruling out detection of faint FRBs by definition. I wrote a proposal to CHIME to
attempt to address this.

5.2 Proposal

I wrote a proposal to CHIME suggesting that a combination of citizen science and
machine learning could identify likely FRBs within the low ¢ candidates that would
otherwise be discarded. I suggested the following approach.

1. Lower the CHIME trigger threshold to collect a portion of ¢ < 10 candidates
2. Rank the most promising candidates using machine learning

3. Present these promising candidates to volunteers through the Zooniverse citizen

science platform to be labelled as FRB-like or not
4. Refer the best volunteer-labelled candidates for expert internal review by CHIME

5. Use the new volunteer labels to continually improve (train) the ranking algo-

rithms, which could ultimately be used as a baseband trigger for CHIME

In the proposed Zooniverse project, volunteers would be asked to judge if spectro-
grams of candidate signals detected by CHIME contain possible FRBs or just RFI. I
was encouraged to suggest this approach by the past successes of Zooniverse volunteers
at identifying transients in complex and abstract data. In the LIGO collaboration
project Gravity Spy [471], volunteers divide interferometer spectrograms into different
classes of noise, helping LIGO identify and address the sources. And in the Planet
Hunters projects [126] volunteers have discovered exoplanets from lightcurves - most
recently, 90 promising candidates found in data from NASA’s Transiting Exoplanet
Survey Satellite TESS [112], T13].

I suggested using machine learning to prioritise candidates because this allows
limited volunteer effort to be focused on the candidates most likely to be FRB. The
trained algorithms could ultimately be run commensally at CHIME, allowing CHIME
to save full baseband data for candidates the volunteers would have identified as
promising. I discuss the extensive benefits of such data in 5.6.

To avoid the need for simplistic pulse/noise models, leading to failures on more

complex observations, one would like to learn representations of FRB and RFI directly
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Figure 5.1: PALFA candidate events were labelled by experts as Noise, RFI, Weak,
OK, or Strong. Here, I show representative examples of each class. The prototype
CNN aimed to rank promising (Strong/OK/Weak) candidates highly, for hypothetical
referral to experts or volunteers.

from the data. Learning complex representations from high-dimensional data is the
key advantage of deep learning and (for image-like data) of convolutional neural net-
works (CNN) in particular, as I have already discussed (Sec. 1.2). CNNs have been
recently shown to be highly effective at detecting simulated FRB [82]), re-detecting
previously-known FRB [10], and at finding new pulses in focused observations of a
known repeater [472]. It therefore seemed plausible that CNN might be effective on
CHIME FRB observations.

The CNN would need to remain at least somewhat effective at o < 10. To verify
this and to provide a ballpark performance estimate for my proposal, I trained a
CNN to rank FRB candidates observed by PALFA [332] with ¢ > 7 (and DM 300-
3000 pc ecm™3). PALFA was a pulsar survey at Arecibo (single 305m dish) exploring
the galactic plane (|b] > 5) at 1.4GHz [88]. PALFA collected millions of candidate
signals since 2004, the overwhelming majority of which are RFI. Previous analysis
searching for single pulses identified a single non-repeating probable FRB, in line
with statistical expectations from sky coverage and detection limits [332]. In the
course of that search, PALFA researchers visually inspected ~ 4000 candidate signals
and labelled them by astrophysical plausibility: Strong, OK, Weak, RFI, or Noise.

[ trained a standard ‘off-the-shelf” CNN (using the same architecture as in Chapter
3) to classify candidates as either promising (Strong/OK/Weak) or not (RFI/Noise).
This CNN could then be used to rank candidates for hypothetical review by citizen
scientists or experts. Figure 5.2 shows the CNN candidate ranking of the candidates.
The prototype CNN is shown to be highly effective at prioritising Promising candi-
dates, ranking 91% of Promising candidates in the top 10% of all candidates and 98%
in the top 20%. This suggests that even standard CNN are capable of effectively

prioritising lower o candidates.
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Figure 5.2: Ranking of candidates by our prototype ‘off-the-shelf” CNN. Each can-
didate is represented by a vertical line. Promising (Strong/OK/Weak) candidates
are shown in red, and other (RFI/Noise) candidates in grey. Percentages indicate
relative ranking. For example, a red line at 88% indicates a Promising candidate
ranked higher than 88% of other candidates. Our prototype CNN is highly effective
at prioritising Promising candidates, ranking 91% of Promising candidates in the top
10% of all candidates and 98% in the top 20%.

5.3 Performance Estimate

In my proposed system, candidate signals with ¢ < 10 identified by the CHIME
pipeline would be ranked by machine learning, and the most promising candidates
reviewed by Zooniverse volunteers. To persuade CHIME the system was worthwhile,
I estimated how low in o could this system reach and how many additional FRB
would be detected.

First, one needs to calculate how many candidates CHIME might observe at or
above some fixed lower ¢. This can be rephrased as how many signals must be
reviewed to reach that o, and hence how many aggregate volunteer classifications
would be needed.

Patel et al. [332] Figure 7 shows the distribution of expert-classified RFI signals
received by the PALFA survey, Nggi(o), down to o = 7 (DM between 300 and 3000
pc ecm™3). Astrophysical signals are a small fraction of the total candidate signals and
hence Neandidates(0) = Nrp1(o). T used this distribution as a rough proxy for candidate
signals received by CHIME, with the substantial caveat that PALFA covers a different
frequency range and potentially has a different RFI environment. Inspection of Patel

et al. [332] Figure 7 gives

N(o) = A x 107%4% (5.1)

where the constant A sets the overall event rate and varies by survey according to field-
of-view etc. I set A to match the approximate rate of candidate events at CHIME:
1000 events per day (365,000 per year) between o = 7 and o = 10 (CHIME Collabo-

ration, private communication).
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The total number of additional events recorded between the current threshold

Ocurrent =~ 10 and a lower threshold o;,,, is therefore

Ncandidates =A 10_0.420610' (52)

Olow

Zooniverse volunteers could provide Npuman aggregated classifications of some cho-
sen fraction f of the most promising candidates (discarding the rest). Trivially, the

system could review % = Niandidates- 1 herefore,

Onow

Nuuman = fA / 1074 dg (5.3)

Olow

which can be solved to find Nyyman (010w ), and then rephrased as 0oy (NVhuman ), the low-
est o reached as a function of the number of aggregated human reviews (i.e. available
volunteer effort). Figure 5.3 (left) shows 05y (Npuman) for several possible choices of
f, the fraction of ML-ranked candidates for which to request volunteer classifications.

How many additional FRB would CHIME detect at or above that new lowest
o? Lawrence et al. 2017 [249] quotes the total expected count of Poisson-distributed
events of fixed source brightness, uniformly distributed in local (Euclidean) space,

with a fluence above S, as:

A(s)=Cs™2 (5.4)

Holding the instrument and pulse properties fixed, fluence S is proportional to

o [332, 343]. The relative rate at of events at oy, or higher vs. o4, or higher is
therefore expected to be

A(Slow) o Snow \ 3 . Onow \ 3

A(Snow) B Slow B Olow

Figure 5.3 (right) shows the percentage increase in FRB rate (vs. ¢ = 10) which

»
N

(5.5)

might therefore result as the oy, cutoff is reduced.

Combining 0, (Neandidates) (Eqn. 5.3) and the expected percentage increase in
FRB rate as a function of o (Eqn. 5.5), one can estimate the percentage increase in
total FRB rate directly as a function of Npuman aggregated reviews. However, not all
of these additional FRB would be identified as such due to candidate classification
errors by both automated and human classifiers. Figure 5.4 shows the percentage
increase in identified FRB (vs. o = 10) as estimated for perfect classifiers, poor
classifiers (see caption), and the prototype CNN (Sec. 5.2), given several possible

choices of f.
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Figure 5.3: Left: lowest o reached by prioritising candidates with automated clas-
sifier(s) and then, for the highest-ranked fraction f of candidates, collecting Nyuman
aggregated reviews. Right: Percentage increase in total FRBs at or above o, vs.
o = 10, assuming FRB are standard candles evenly distributed in local (Euclidean)
space.
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Figure 5.4: Percentage increase in identified FRBs (vs. o = 10) a function of the ag-
gregated human reviews available, for various f. Shaded areas represent uncertainty
around the performance of automated and human classifiers. The upper bound as-
sumes perfect classifiers (both automated and human). The lower bound assumes
75% human accuracy (in line with existing Zooniverse projects) and an automated
classifier constructed (by ranking following a truncated half-normal distribution with
std=0.43) to also be 75% accurate. The solid line assumes 75% human accuracy and
uses the actual ranking performance of our prototype CNN.

The optimal choice of f is important; a lower f allows the system to review
more events, reach lower o, and potentially find far more FRB, but also increases
the chance for real FRB to be incorrectly discarded due to imperfect automated
candidate ranking. Better automated classifier(s) allow one to choose a lower f,
leading to substantially more identified FRB given fixed available volunteer effort.

My preparatory work showed that there are likely substantial numbers of FRB
below a ¢ = 10 cutoff (this Section) and that CNN might be able to detect them
(Sec. 5.2), and so I submitted my proposal to attempt this project. In subsequent
discussions, CHIME researchers told us they were already experimenting with using
CNN to identify fast radio bursts in an as-yet-unpublished pilot project, with the aim
of reducing false positive detections from RFI. I revised the proposal to build directly
on that pilot project; the proposal was subsequently accepted.

In the remainder of the chapter, I describe the work I carried out using CHIME
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data. I first investigate the behaviour of CHIME’s prototype CNN. I then develop and
launch a citizen science project to find faint FRB, and use the resulting classifications

to train a new CNN.

5.4 Investigating CHIME’s Prototype CNN

Ultimately published as Yadav 2020 [464], CHIME’s pilot CNN project proceeded
as follows. A CNN was trained to classify candidate spectrograms as either RFI or
astrophysical using expert classifications of candidates with ¢ > 8.5, a cut lowered
for this purpose from the previous o > 9 — 10 cut. The CNN architecture followed a
standard design, with one major exception. The first layers were modified to use fixed
Sobell and Prewitt kernels of various scales. These act as edge detectors, increasing
any coherent deviations from random noise in the hope of better detecting RFI and
astrophysical candidates, respectively.

Data augmentation was used during training to improve performance. The authors
created spectrograms dedispersed to 10 DMs (dispersion measures, see Sec. 5.1)
uniformly sampled from the CHIME pipeline’s DM range estimate, in order to account
for expected small errors in the candidate DM estimate. The authors also applied
noise augmentation following Zhang et al. 2018 [472], adding weighted spectrograms of
random blank sky spectrograms (selected by shifting the trigger time of each genuine
candidate) to candidates labelled by experts as FRB. The authors did not apply noise
augmentation to candidates labelled as RFT out of concern the resulting spectrograms
would not be ‘realistic’.

The classifier achieved 99.2% accuracy on the test set - effectively perfect perfor-
mance. Unfortunately, I argue here that the classifier likely achieved this performance
through a ‘shortcut’ that does not generalise to lower ¢ candidates, and consequently
makes it unable to detect faint FRB.

Empirical research shows that convolutional neural networks, along with other
deep learning methods, take so-called shortcuts: decision rules that classify both
training and test data well but do not generalise to practical application [146]. Short-
cuts are not unique to deep learning, or even to algorithms. Most famously, a German
horse known as Clever Hans garnered international attention (including a 1904 ar-
ticle in the New York Times, [421]) for his ability to count and solve multiplication
problems. An expert committee was ‘baffled’ and suggested further study; controlled

experiments eventually showed the horse was reacting to subconscious cues by the
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questioner [422] E| Deep learning is plausibly more susceptible than horses to such
shortcuts because they seek useful patterns in data without a corresponding semantic
understanding of what that data means. ] Convolutional neural networks have been
observed to classify based on image background rather than content [35], prioritise
texture over shape [145], and to exploit patterns that are brittle and broadly incom-
prehensible to humans [197]. In this case, I believe the network learned to classify
based on the background noise in the spectrograms.

To illustrate this, I first show that one can create a 92% accurate ‘classifier’ based
solely on the total standard deviation of the spectrograms. Figure 5.5 shows the
distributions of standard deviations for astrophysical and RFI classes. The astro-
physical spectrograms have total standard deviations very close to 1, while the RFI
spectrograms have consistently higher standard deviations. One can therefore make
appropriate cuts on the total standard deviation to create a 92% accurate ‘classi-
fier’. Why should this be the case? I speculate that this is because the spectrograms
were normalised by channel such that each channel was scaled to have a mean of 0
and a standard deviation of 1. For candidates where any correlations (signals) were
faint and brief, this normalisation scaling had a similar effect on all channels. But
for candidates where correlations were substantial or of extended duration, the nor-
malisation causes bands intersecting the signal to be scaled very differently to bands
not intersecting the signal. This then leads to a high standard deviation in the full
normalised spectrogram.

The effectiveness of ‘classifying’ purely based on standard deviation suggests that
the noise properties of the spectrogram are highly informative. I suspected the CNN
might be using these noise patterns rather than the morphology of the signals. To
investigate this, I took candidate spectrograms and added a random blank sky spec-
trogram with increasing weight, mimicking the effect of the candidate signal becoming
fainter and the background more uniform. Figure 5.6 shows the effect on two ran-
dom candidates. I then increased the weight of the blank sky and measured how the
response of the network varied. Figure 5.7 shows the results. Before adding blank
sky (i.e. when blank sky is added with weight 0), the network predicts the classes of
all signals extremely confidently and extremely well. As the weight of the blank sky

increases, the predictions on RFI signals rapidly shift towards astrophysical, while

5Perhaps the truly impressive feat of Clever Hans was that he learned to distinguish such cues
from so many human questioners.

6Much research has focused on combining computer vision with language tasks such as ‘caption
this image’ [351] in an effort to encourage semantic understanding
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Figure 5.5: Distribution of total standard deviations for spectrograms labelled as
either astrophysical (blue) or RFI (yellow). Cuts for 92% accuracy shown in black.

predictions on the astrophysical signals remain similar. Finally, as the blank sky be-
gins to dominate, both predictions tend in the direction of the blank sky prediction.
These results exactly match what one would expect to see if the network is distin-
guishing signals based on noise characteristics rather than on morphology. Essentially,
the network likely classifies faint signals as astrophysical and strong signals as RFI.
To automatically identify faint fast radio bursts, we need a classifier that does not
use the brightness of the signal as the critical feature. To avoid this issue, we need
to retrain on labelled candidates which all have low signal-to-noise and so force the
classifier to find other distinguishing features. [] Labelling thousands of candidates
is time-intensive and so beyond the capacity of the CHIME team, who are already
occupied labelling higher signal-to-noise candidates. Instead, continuing with my

proposed system, I turned to citizen science.

5.5 Citizen Science Project

To develop the citizen science project, I first copied (with permission) the ‘Bursts from
Space’ project drafted (but never launched) by Robert Archibald to search for fast
radio bursts in Arecibo survey PALFA [88]. Robert Archibald had used the Zooniverse
project builder, an interactive tool to quickly create citizen science projects, to make
a project with a single question: is this signal from space, or RFI? As well as rewriting

and expanding the associated text, I made several technical changes. I introduced

I would like to stress that this was also planned as future work by Yadav 2020 [464], who
looked ahead to ‘training on events with o lower than the pipeline’s default threshold’ to ‘help lower
the...threshold and increase the overall FRB detection rate’.
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Figure 5.6: Example spectrograms for astrophysical (upper) and RFT (lower) candi-
dates, with increasingly-weighted sky noise added (left to right).
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Figure 5.7: Upper: change in network predictions for either expert-labelled astronom-
ical (left) or RFI (right) as blank sky weight is increased. Each candidate waterfall is
shown as a red trace. Lower: Mean change in network predictions over all candidates.
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‘feedback’ subjects; subjects with known classifications that displayed messages to
volunteers depending on if the volunteers agreed with the known classification. These
subjects were first generated from the expert-labelled high o spectrograms, and then
(after launch) extended to include low o spectrograms classified by other volunteers
with high confidence and selected by myself. Feedback subjects were shown to new
logged-in volunteers at initially high rates, to help teach the task, before decreasing
to a constant low rate (to measure agreement)ﬂ The images shown to volunteers
were generated from normalised CHIME spectrograms by clipping the intensity to lie
in the 1%-99% range and then generating an image with the ‘Y1IGnBu’ Matplotlib
colormap (after substantial experimentation). Volunteers were later given the option
of also viewing spectrograms with 3x3 mean smoothing to better reveal faint bursts
at the cost of resolution.

Inspired by Supernova Hunters [460], I decided to publish data from CHIME in
weekly batches. Supernova Hunters found that regular small batches of new data
helped keep volunteers motivated. Weekly batches were also useful for providing
prompt volunteer classifications back to CHIME in order to minimise the additional
storage overhead of recording faint candidates.

Volunteers on the Zooniverse beta-testing mailing list were invited to try the
project in September 2020, using the high ¢ data already prepared for Yadav 2020
and labelled by experts. These volunteers were extremely capable at distinguishing
astronomical signals from RFT; the aggregated votes from 15 or more volunteers agreed
with CHIME experts in 99.3% of cases (99.1% for exactly 10 volunteers, 98.6% for
exactly 5 volunteers). Of the top 10 candidates labelled by experts as astronomical but
most confidently labelled by volunteers as RF1, follow-up inspection revealed three to
be mislabelled by the experts (the remainder were considered relatively astronomical
by volunteers, with a mean ‘Space’ vote fraction of 0.4 - compare to Fig. 5.8).

Prior to public launch, CHIME began saving intensity data for events with o
of 7.8 — 8.5 (8.5 being the previous limit) for volunteers to classify. However, my
inspection of the first low o candidates showed that these low o candidates were
qualitatively different from the > 8.5 signals used by Yadav 2020 and the Bursts
from Space beta volunteers. While the > 8.5 signals were roughly balanced between
RFT and astronomical signals, the 7.8 — 8.5 signals were dominated by visually blank
spectrograms. My own classifications suggested around 10% looked plausibly astro-

physical and around 5% were likely RFI, with the remainder having no visible signals.

8Specifically, the chance of encountering a feedback subject was 1 for the first 4 subjects, 30%
for the following 4, 15% for the next 4, and 3% thereafter.
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To account for this, I added a third answer to the first question - ‘Nothing Here’ (i.e.
blank). I also added a fourth answer, ‘It’s Complicated’, to handle signals that didn’t
fit well into the standard answers. This fourth answer was then further broken down
by a follow-up question into ‘Human and Space’ (in response to questions from beta
volunteers on handling spectrograms where an astrophysical-like signal is coincident
with distinct RFI), ‘Repeating Space’ (similarly), and ‘Something Weird’ (in the hope
of identifying bursts with unusual morphology, as well as data processing errors).

Bursts from Space launched in October 2020. Since launch, as of February 15th
2021, 1,482 registered volunteers have contributed 258,338 classifications. The rate of
responses is sufficient for all candidate signals reported by CHIME at 7.8—8.50 (17,264
to date) to receive 10 volunteer classifications without the need for prioritisation with
machine learning. Figures 5.8 shows the o distribution of the bursts. The median
o is 8.1. Figure 5.8 also shows the distribution of the fraction of volunteer votes for
‘Space’. The vast majority receive very few ‘Space’ votes, but a significant minority
receive several. My own visual inspection suggests that candidates with vote fractions
of 0.3 — 0.5 or above typically appear promisingly astronomical, based purely on the
spectrogram. 814 (4.7%) of candidates have a Space vote fraction of 0.5 or above.

These promising candidates are typically at higher dispersion measures than have
previously been reported. Figure 5.9 compares the distribution of promising (‘Space’
fraction > 0.5) bursts against all published bursts recorded on the Transient Name
Servelﬂ The highest dispersion burst previously published by CHIME is 1300 pc cm ™3
[131], and the highest dispersion burst from any survey is 2596 pc cm ™2 (detected at
the more sensitive Parkes Radio Telescope, [39]) Bursts from Space finds 87 promising
candidates with dispersions above 4000 pc cm™3. Verification of the first 24 candidates
was carried out by Shriharsh Tendulkar (private communication), who found that —
applying the same process as for other CHIME bursts — 4 are not explained by any
known terrestrial or astronomical sources and are consistent with being fast radio
bursts. Figure 5.10 shows these four FRB-consistent high-dispersion candidates. The
highest dispersion candidate has a dispersion of 5571 pc cm™3.

Further expert verification is urgently needed and underway at the time of writ-
ing. However, it is possible to make rough estimates for likely discoveries based on the
verification thus far. If the fraction of promising candidates that pass expert verifica-
tion is similar for the subsequently-discovered high-dispersion candidates, one expects

discoveries of approximately 14 high-dispersion bursts to date. Assuming the fraction

9https://wis-tns.weizmann.ac.il/
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Figure 5.8: Distribution of CHIME beams sent to Bursts from Space by signal to-noise
(left) and volunteer ‘Space’ response fractions (right).
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Figure 5.9: Dispersion measures of promising (‘Space’ > 0.5) CHIME candidates
identified by Bursts from Space volunteers, compared against all previously published
bursts on the Transient Name Server (excluding repeats). Black rug lines show can-
didates that underwent expert verification (24). Green vertical lines show candidates
appear consistent with fast radio bursts (4)
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Figure 5.10: High-dispersion (> 4000 pc cm™3) promising (‘Space > 0.5°) bursts
found following expert verification to be consistent with fast radio bursts.
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is comparable for all promising candidates, not only high-dispersion ones, 661 promis-
ing candidates suggests approximately 130 FRB-consistent detections. Fonseca and
Lopes 2017 [I32] suggests an event detection rate of 700 fast radio bursts per year for
CHIME during commissioning; 130 additional bursts over four months of operation
suggests Bursts from Space is increasing the CHIME detection rate by approximately
40%.

5.6 Automated Classifier Retraining

My original proposal suggested using machine learning to prioritise which candidates
should be reviewed by volunteers. The enthusiastic participation of Zooniverse volun-
teers made this unnecessary; each week, all candidates are classified by 10 volunteers.
These classifications can be used to train a model able to predict what volunteers
would have said rapidly enough for CHIME to save baseband data on the event.

Baseband data records the raw voltages at each antenna, in contrast to intensity-
only data. This is useful for several reasons. First, baseband data allows for precise
host localisation [9] As I summarised in Sec. 5.1, identifying host galaxies both
constrains FRB origin theories and provides independent redshifts for cosmological
baryon measurements. Second, baseband data allows for far higher time resolution.
Intensity-only data must be incoherently dedispersed by appropriately time-shifting
channels, causing a smearing effect within each channel. Coherent dedispersion with
baseband data corrects for this effect. This high-resolution data reveals the intrigu-
ing fine structure of each burst [I70]. Finally, baseband data includes polarization
information that helps characterise the magnetic environment of the as-yet-unknown
sources [343]. Michilli et al. 2021 [302] developed an automated baseband analysis
pipeline able to localise signals with sub-arcminute precision and approx 0.1ms time
resolution. However, the computational cost is significant; each triggered event re-
quires an average of 100 GB of storage. A citizen-trained machine learning algorithm
could be used as a trigger to record baseband data for faint candidates which would
otherwise be far too numerous to save.

To test this, I retrained the classifier introduced by Yadav 2020 on volunteer re-
sponses. I reframed the prediction task from classification (astronomical or RFI) to
regression (volunteer ‘Space’ vote fraction) and switched to the loss function from

binary cross-entropy to mean-squared-error. This was to gain information from the

OParticularly from the experimental CHIME ‘outriggers’ - separate radio telescopes designed to
help localise bursts
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level of volunteer confidence implied by the vote fraction, rather than discarding this
information by binning. I only bin to calculate performance metrics after training,
choosing a cut of ‘Space’ fraction > 0.3 to match the approximate point where can-
didates are plausibly FRB-like (Sec. 5.5). T could not apply DM-augmentation as
alternative dedispersion spectrograms were not available from CHIME. However, I
introduced a new augmentation method, channel augmentation, where a random mi-
nority (10%, here) of channels are set to 0 each time a spectrogram is loaded into
memory. This ensures predictions cannot strongly depend on any one channel, which
is undesirable given that bursts cover many channels. I randomly divided the 13,440
candidates classified to date into 70% training, 10% validation, and 20% test subsets.

Figure 5.11 compares the (7.8 —8.5 o) test set performance of the retrained model
with Yadav 2020’s original model (trained only on expert > 8.5 o labels). The re-
trained model is dramatically better at prioritising faint candidates the volunteers
consider promising. In a sense, this is unsurprising; the original model was never
trained on faint candidates and I previously showed (Sec. 5.4) that it is likely strongly
biased towards labelling any faint signal as astrophysical. The purpose of the experi-
ment is to highlight that one cannot assume models trained only on high o data will
generalise to lower o, even when they are essentially perfect within their own regime.
Retraining using labels from volunteers within the target o range solves this issue.
The most confident predictions of the retrained model are very likely to be promising
faint candidates (85 of the top 100 ranked candidates are promising, compared to a
base rate of 14%) and so the model could already be used to trigger baseband saves

for such candidates.

5.7 Discussion

While I had hoped to find somewhat more distant bursts, discovering FRB-consistent
signals at dispersions several times greater than have previously been published is
surprising and exciting. As the project continues, the existence of this population
will become clearer. The CHIME team will carry out more careful checks includ-
ing verifying that adjacent non-overlapping beams were not activated (which would
indicate RFI) and that the pulses show appropriate pulse broadening. Should the
bursts be established as real, they may become unique tools for investigating helium
reionization. The rate of reionization could be directly measured using the dispersion
measure distribution of z =3 — 6 FRBs [41].
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Testing the sensitivity and specificity of the volunteers with injected pulses remains
important outstanding work. Such measurements are necessary before one can draw
statistical conclusions. Measuring volunteer performance with simulated data is well-
supported by the Zooniverse infrastructure, but creating the simulations is not trivial
due to the details of the CHIME pipeline. This should be a priority for future work,
alongside the verification of specific high-dispersion bursts

My original proposal included two other classification approaches designed to com-
plement a convolutional neural network. One was a PyTorch-based [331] optimisation
method that aimed to rapidly find the most likely fit of a simple pulse profile to dedis-
persed data. For PALFA (with which the proposal was designed) and for CHIME at
high o, the main challenge is distinguishing different signals (bursts from RFT). But
the data collected at lower o in the course of this work suggests that in that regime,
the task is more commonly to distinguish if a dedispersed signal is actually present.
Optimisation methods are well-suited to such a task and bring the added benefits of
being interpretable and statistically robust, with no concerns over shortcut learning
(Sec. 5.4). I suggest further experimentation in this direction.

The CHIME pipeline itself includes a support vector machine (a basic machine
learning classifier) to make live decisions on which events are astrophysical or RFI
[18]. This support vector machine (SVM) was retrained by CHIME during Bursts
from Space which resulted in a dramatic increase in the number of events being
classified as astrophysical and sent to the Zooniverse. The features used for the
SVM are simply the o when dedispersing with slightly shifted dispersions, and ‘the
distribution of above threshold locations in the DM-time plane’ [18]. The save/reject
decisions made by this SVM are crucial and irreversible. I think that the results of
this project could improve these save/reject decisions, either by providing additional
training data or by ensembling classifiers together rather than stacking one classifier
atop another. Redesigning a complete system that includes citizen-science-supported
machine learning should help CHIME best find bursts that would otherwise be lost.
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Chapter 6

Fast Photometry Inference
Through Neural Emulation

6.1 Introduction

I have so far described training supervised machine learning models on labels derived
from human responses - experts for tidal features (Chapter 2), volunteers for Galaxy
Zoo (Chapters 3-4) and volunteers for Bursts from Space (Chapter 5). However,
supervised learning need not require humans. Learning to emulate a simulation is
one example. Models can learn to predict simulation outputs using a training set
of many simulation runs using different initial parameters. The goal is typically to
replace a slow simulator with a faster emulator. The emulator can then be used as
a drop-in replacement for the simulator to enable applications for which the original
simulator would be infeasibly slow.

One such application is MCMC sampling. The computational cost of drawing each
sample is dominated by evaluating the likelihood function, which in turn is usually
dominated by calculating the forward model (simulation). Replacing the forward
model with an emulator therefore often speeds up MCMC runs by a similar factor.
Supervised machine learning has been used to emulate simulations and hence apply
MCMC to infer cosmological parameters from the matter [11, 166] and CMB power
spectra [377], infer constraints on the epoch of reionisation from 21cm measurements
[225], 376], and infer intrinsic stellar parameters from stellar spectra [91].

Emulation with neural networks in particular offers a further and less commonly
exploited benefit. Neural networks are differentiable by design. This allows one to
replace a non-differentiable simulator with a differentiable neural network emulator.
One can then take advantage of gradients to explore the parameter space more ef-
ficiently, as is done in Hamiltonian Monte Carlo (HMC) [314]. In this chapter, I
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describe using a neural network emulator for HMC inference of galaxy photometry.
Inferring galaxy parameters is an important and common task for extra-galactic
surveys. Physical parameter estimation has led to significant discoveries in the do-
main of galaxy evolution such as the cosmic star-formation history [114] 282, 283], the
mass-metallicity relation [I17] and the starforming galaxy main sequence [398] [453].
Two main strategies have been developed in the literature to estimate physical pa-
rameters from galaxy SEDs or photometry. The first approach is to use a fixed set of
galaxy models (or ‘templates’) chosen to represent the galaxy population analysed.
These models are created using known physical parameters through stellar popula-
tion synthesis models [60), 286]. Such methods typically include codes that perform
x? minimization over a large grid of models (e.g. Hyperz [48], LePHARE [24]) to find
the best matching template or templates. Template matching struggles to account
for degeneracy, where two or more templates with different intrinsic parameters may
look similar (and so have similar x* ). The lack of an explicit probability for each
template makes it hard to meaningfully resolve such cases. MCMC sampling, the sec-
ond approach, uses continuous forward models (rather than discrete templates) and
so avoids this issue. Where different parameters yield observations of similar likeli-
hood, the resulting probability distributions over each parameter should E] account for
this uncertainty. Unfortunately, MCMC is prohibitively slow for large galaxy sam-
ples; inference by various MCMC-based codes (MagPhys [92], Cigale [50] 63], 322],
Prospector [255], AGNFitter [60], Fortesfit [362]) takes minutes to days per galaxy
(depending on the model complexity) compared to seconds for template methods.

Neural network emulation and gradient-based sampling offer a potential solution.

6.2 Forward Model

To investigate the use of emulation and gradient-based sampling for photometric
inference, I first needed to create a forward model to emulate. Forward models specify
the photometric measurements x observed given a galaxy with parameters 6. For my
forward model, T used and extended the Python package Prospector [202], 255].
Prospector is a galaxy SED fitting tool designed to simulate realistic galaxy SEDs
with a user-specified model, to make mock observations of those SEDs, and to infer
galaxy parameters based on the SED model and some (real) observation. I use the

SED and mock observation features of Prospector to create my forward model.

! Assuming the chains are fully mixed
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Designing a model with the appropriate number of free parameters is difficult.
Any useful model must have enough flexibility to fit real observations. Adding free
parameters increases flexibility; however, too many free parameters will be difficult
to constrain from photometry alone and the posteriors will become prior-dominated.
From a pragmatic perspective, too many free parameters would also eventually defeat
standard gradient-free MCMC approaches, preventing the direct comparisons between
gradient and gradient-free sampling methods that I ultimately make in Sec. 6.4.
I therefore aimed to use free parameters for the variables with the greatest effect
on photometry, and to make physically reasonable fixed assumptions for the other
variables based on the experience of my specialist collaborators.

I was particularly interested in modelling the effect of AGN. Photometric estima-
tion of AGN flux is important for understanding how AGN affect galaxy evolution.
Investigating the physics behind how AGN interact with their hosts often relies on
measuring correlations between AGN and other galaxy properties (mass, star forma-
tion, quenching, merger history, morphology, etc). Estimating AGN flux is also crucial
to accurately measure cosmological parameters with weak lensing. AGN introduce
systematics in such measurements because they alter galaxy colours and therefore
bias the photometric redshift estimates often required for weak lensing [369]. At the
billion-source scale of Euclid, for example, such systematics are the limiting factor for
precision cosmology [248]. It is crucial to identify galaxies likely to be ‘contaminated’
with AGN flux, allowing them to be cleaned from the weak lensing sample. Explicitly
modelling AGN allows for this.

The task of estimating AGN flux is often replaced with the simpler task of de-
termining whether or not the source flux is stellar-dominated, AGN dominated, or
composite [328]. T aimed instead to directly measure the continuous flux contribu-
tions of each component. Accurate physical models of AGN SEDs remain an ongoing
research challenge - in part due to the extensive variation of observed SEDs [61]. By
focusing on inference from photometry, this difficulty is somewhat mitigated; only
the most crucial of these variations will substantially affect the observed colours. I
created an AGN SED model composed of accretion disk and dusty torus components,
where the normalisation of each can vary independently. This allows the forward
model to simulate AGN where the disk dominates the SED, and AGN with a heavily
obscured disk but bright torus.

In short, the overall galaxy model I created includes flux from three components:
the stars, the AGN disk, and the AGN torus. The stellar component is simulated with

FSPS [83] and has three free parameters: the stellar mass, the star formation history
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exponent 7, and the dust extinction. The AGN disk is based on a template [382] and
has two free parameters: the luminosity and the (disk-specific) dust extinction. The
AGN torus is based on torus simulations [317] and also has two free parameters: the
luminosity and the inclination.

Below, I describe each component of the model in detail. I then emulate the
model with a neural network (Sec. 6.3) and compare three sampling on a realistic set

of simulated galaxies (Sec. 6.4).

6.2.1 Stellar Flux

The source frame galaxy SEDs simulated by Prospector are created using FSPS [83]
(called via pyFSPS [134]). FSPS simulates the spectra of (composite) stellar popula-
tions, based on stellar evolution models, and (optionally) applies corrections for dust,
IGM absorption, and other details. I assumed the galaxy model below (each entry
corresponds to an FSPS argument).

[ parametrise the star formation with a delay-7 modelP| with a log-uniform 7 prior
of [0.1, 30]. I scale the stellar populations using a stellar mass with a log-uniform prior
of [10°, 10'?] M. For dust attenuation, parametrised with the dust optical depth at
55004, T use a uniform prior of 0, 2].

I then make several assumptions for the remaining necessary parameters, creating
a simplified version of the model used in Leja et al. 2017 [255]. I use a Kroupa [239]
initial mass function, a Calzetti [67] dust (extinction) law, dust emission following
Draine and Li (2007) [L06]F} and assume solar metallicity.

6.2.2 Accretion Disk

To model the accretion disk, I used the median composite radio-quiet quasar reported
in Shang et al. 2011 [382] as a template and added a parameter to control the normal-
isation factor. For quasars, the accretion disk is expected to dominate in wavelengths
short of 1 micron. As the torus is modelled independently (below), I applied an arbi-
trary power-law damping to the template at wavelengths above 1 micron to exclude
any contribution at longer wavelengths. Specifically, I multiplied the disk flux at
wavelengths above 1 micron by a damping factor given by d = 10°A(A) + 10%.

2Delay-tau models have been noted to introduce systematics by coupling early and late star
formation [388]; however, a full non-parametric model is outside the scope of this work

3Specifically, I assume a minimum incoming intensity Ui, = 1. (i.e. MW-like), exposed dust
fraction v, = 0.04, and PAH dust fraction g¢per, = 0.1%
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I applied an independent Calzetti extinction law to the disk component to al-
low for different typical dust optical depths for the (galaxy) stellar and (AGN) disk

environments. Following Calzetti et al. 2000 [67], this extinction is given by:

freddened = fO : 1070'4.k.EB-V (61)

where k is the wavelength.

6.2.3 AGN Dusty Torus

Prospector offers AGN torus templates based on the CLUMPY simulations by Nenkova
et al. 2008 [317]. However, in the Prospector implementation, the normalisation of
these templates is defined as a fraction of the stellar flux (i.e. Lagy = C'L, where C
is a fixed or free variable). To allow for galaxies that are dominated by the quasar,
the torus model must be able to contribute independently from the galaxy emission. I
decided to introduce the torus model as a separate component, using the same CLUMPY
simulations.

Theory [238] and observations of nearby AGN [430] both suggest that AGN are
composed of dusty clumps. CLUMPY simulates the rest-frame SED that would be
observed from the (re-)emission from such a clumpy torus under a pre-defined geo-
metrical configuration. The main parameters are: the inner radius Ry (set by the
dust sublimation temperature Ty), the outer radius Ry, the total number of clouds
Ny, the opening angle, o, and the inclination with respect to the observer i. The
clumps are of equal optical depth 7, and distributed with radial density profile r—¢
out to Y = % and various possible angular distributions. The average number of
clouds along an equatorial ray is parameterised by Nj.

Nenkova et al. 2008 [317] provides a grid of SEDs calculated at each possible
combination of these parameters. Photometric observations do not provide sufficient
information to constrain all 6 torus parameters (in addition to the galaxy and ac-
cretion disk components). To restrict the free parameter space, my forward model
assumes the physically reasonable values of opening angle ¢ = 30 deg, cloud radial
distribution: ¢ = 3, disk size: Y = 30, and number of clouds Ny = 5.

Inclination has the most significant effect on the resulting photometry and so the
inclination is allowed to vary. Given the fixed parameters above, I interpolated (in
log wavelength, log flux space) between the varied-inclination SEDs to create an SED

component model as a function of arbitrary inclination fioq,s(?).
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Figure 6.1: Dusty torus SED components by inclination. Interpolated between sim-
ulations by Nenkova et al (2008).

6.2.4 Mock observations

Having individually modelled the SED components (stellar light, by FSPS, and the
AGN disk and torus light, as above), one can make mock photometric observations
of the net SED. First, using Prospector, the SED is redshifted and absorption from
the intergalactic medium is applied (I assume Madau absorption [283] at the default
FSPS level). The flux through each desired filter is then calculated then via sedpy
[201] bandpasses.

This forward model, particularly the stellar component, is prohibitively slow for
practical inference on large samples of galaxies. Calculating e.g. 100,000 MCMC
samples on 100,000 galaxies requires (at least) 10 forward model evaluations. At
8.3ms per evaluation, this requires approx. 1,400,000 CPU-hours (160 CPU-years),
neglecting the overhead of the sampling algorithm itself. In the next section, I show

how neural network emulation can radically speed up evaluating the forward model.

6.3 Neural Network Emulation

Evaluating the forward model f(#) dominates the computational cost of MCMC sam-
pling and so it is helpful to replace f(6) with some approximating function f(x) that
is cheaper to evaluate. To do this, I trained a neural network f,(#) to approximate

f(0). T generated many {6, f(0)} pairs to learn from using the (non-emulated) forward

162



model. Parameters were selected with Latin hypercube sampling following Schneider
et al. 2011 [377]. Latin hypercube sampling divides the space defined by the possi-
ble ranges of each parameter into an evenly-spaced grid and then randomly selects
exactly one point within each cell. This pseudo-random sampling ensures approxi-
mately uniform coverage of possible parameters. I calculated 2 million {6, f(0)} pairs
for galaxies at redshifts from 0 > 2z > 4 and a further 2 million pairs at redshifts
from 0 > z > 1. The 0 > z > 4 redshift range covers the full range of the catalogue
that T use later (see Sec. 6.4) and includes high redshift QSO, while the additional
0 > z > 1 pairs improve performance in the low redshift regime where detected
sources are far more numerous. The computational cost was roughly equivalent to
(standard) MCMC sampling of a few hundred galaxies, which was easily feasible on
a desktop workstation. Naively, four million pairs sounds excessive. However, with 9
free parameters, this is only a 5 x 5 x ...5 grid of galaxies (the ‘curse of dimension-
ality’). Emulator performance was found to consistently improve as additional pairs
were added and so further increasing the number of training pairs would likely help.
A random 10% of the pairs were set aside as a test set.

I identified the optimal neural network architecture using Hyperband [25§], a
Bayesian optimisation algorithm designed for bandit problems, as implemented for
neural network architecture search by keras-tuner [325]. In a bandit problem, lim-
ited resources must be divided between exploration and exploitation; in neural net-
work search, limited compute is divided between exploring new architectures and
further training known promising architectures. The best performing networks had
alternating wide and narrow layers, suggesting the physical relationships between
galaxy parameters and photometry may be being learned through a series of encod-
ings. Within this requirement, performance did not depend strongly on architecture
design.

The emulator needed to be extremely accurate. For meaningful posteriors, the
acceptable error in photometry predictions is not just a small fraction of the observed
photometry, but a small fraction of the uncertainty in the photometry. Figure 6.2
illustrates the issue with predictions on a simulated (test set) galaxy. The emulator
may be near-perfect (by eye) at predicting the photometry, but still make errors of
comparable scale to the photometric error bars (of the order 1079 maggies@. These

errors then cause later inference to have incorrectly-centered posteriors, as the ob-

4A source with flux f in nanomaggies has a magnitude of m =[22.5 mag] - 2.5log;, f. See
http://www.sdss3.org/dr8/algorithms/magnitudes.php
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Method Parallelism Time per Galaxy

Original Simulation 1 CPU core 8.3 ms
Original Simulation 16 CPU cores > 0.5 ms
Neural Emulator 1 GPU, 1 galaxy ~ 0.14 ms
Neural Emulator 1 GPU, 32 galaxies 6.0 ps
Neural Emulator 1 GPU, 1024 galaxies 1.26 ps

Table 6.1: Comparison of time to calculate observed photometry with the original
simulation and with the neural emulator.

served and expected photometry must match on the scale of the error bars in order
for a set of parameters to be plausible.

I found that naive prediction of the curve was not sufficient to reach the required
accuracy of 107 maggiesThe emulator would commonly predict approximately the
correct shape of the photometry - giving visually persuasive results - but with a frac-
tionally offset normalisation leading to substantially incorrect posteriors. To rectify
this, I modified the emulator to predict only the shape of the photometry (by nor-
malising the outputs to sum to 1) and left scaling the emulated photometry as a
(trivial) MCMC parameter. This allowed the emulator to reach significantly higher
accuracies. Figure 6.3 shows the resulting emulator performance over the test set;
per-band accuracy is typically better than 0.0008 mags. However, this performance
comes at a cost. By reparametrising to separate out the scale parameter, the remain-
ing parameters are no longer directly physically interpretable. The stellar mass and
AGN disk and torus ‘mass’ (flux) parameters now express the relative contributions
to the photometry rather than the absolute contributions.

While making the emulator sufficiently accurate is challenging, making it suffi-
ciently fast is straightforward. TensorFlow takes advantage of GPU hardware design
to make parallel predictions on many inputs, known as batches. Predicting photom-
etry for (here) 1024 galaxies is therefore much quicker’| than predicting photometry
for one galaxy 1024 times. The speed of the emulator at predicting photometry for
a single galaxy is roughly comparable to that of the original simulation, and so the
emulator is thousands of times faster when making parallel predictions. Specifically,
calculating photometry takes 8.3 ms h=! with full model, 6.0 s h~! with the emulator
in batches of 32, and 1.26us™! h™' in batches of 1024 ]

®More formally, the computation required is O(1)
6h is a hardware unit, either a 3.2GHz CPU core (full model) or a GeForce GTX 1070 GPU
(neural emulator).
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Figure 6.2: Photometry calculated by the forward model f(0) and by the neural
emulator f,(#) for a random simulated galaxy. Photometry is calculated four ways:
from the true parameters with each model (blue and orange), and from the median
of the HMC-sampled posterior (Sec. 6.4) (green and red). The photometry appears
to match well (above). However, the residuals compared to the forward model and
true parameters (below) are substantial for all three other methods.
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Figure 6.3: Absolute errors in predicting magnitudes on test set galaxies. The
emulator-predicted flux is scaled to equal the observed flux so that the emulator
need only predict the correct ‘shape’ of the photometry. The scaled predictions are
shown to be extremely accurate.

The neural emulator f,,(z) is &= 6000 times faster than the full forward model f(z)

while remaining accurate to within approximately 0.0008 mags.

6.4 Sampling

Above, I described defining a forward model & = f(#) (Sec. 6.2) and creating a fast,
accurate neural emulator z = f,,(x) for that forward model (Sec. 6.3) . T used these
to measure how emulation and gradient-based sampling affect the speed and accuracy
of inference on a realistic problem.

To separate the effect of emulation from that of gradient-based sampling, I imple-

mented and tested three inference approaches.
e EM - affine-invariant sampling (via emcee) with the full forward model f(6)
e EM-NN - affine-invariant sampling (via emcee) with the neural emulator f, ()

e HMC-NN - Hamiltonian Monte Carlo sampling (via tensorflow-probability)

with the neural emulator f,(0)

Comparing EM and EM-NN measures the effect (in speed and posterior quality)

of neural emulation. Comparing EM-NN and HMC-NN measures any change in
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performance between affine-invariant sampling and gradient-based sampling when
using neural emulation.
Below, I first discuss setting up the realistic inference problem, and then describe

each sampling method in detail.

6.4.1 Simulated Galaxies

To evaluate success, I measured how well each method recovered the known true
parameters of a set of simulated galaxies with mock photometric observations. These
simulated galaxies were selected from the {6, f(0)} galaxy hypercube pairs (Sec. 6.3)
to create a mock catalogue as similar as possible to the CPz catalogue of Fotopoulou
and Paltani 2018 [138], which includes both AGN and QSO galaxy populations.

The CPz catalogue was constructed to act as a practical test of photometric red-
shift estimation in the presence of AGNs and QSOs. It was created by cross-matching
sources detected in various original surveys, leading to a matched catalogue of galaxies
with photometric and spectroscopic redshifts as well as wide photometric wavelength
coverage. Measurement uncertainties are also quoted from the original surveys. In
this work, I use the SDSS ugriz and VISTA HJY photometry, redshifts and corre-
sponding uncertainties reported in CPz.

Each real CPz galaxy was matched to the simulated galaxy with the most similar
photometry, defined as the simulated galaxy not yet matched that minimises the
Euclidean distance in magnitude space between real and simulated galaxies. Galaxies
were only allowed to match once at most. Only simulated galaxies in the test set (Sec.
6.3) were allowed to match, to avoid the network making predictions on galaxies it
had already been trained to simulate well. To remove outliers (and ensure realistic
uncertainties, below) I excluded real galaxies with all observed fluxes (by band) in the
highest or lowest 2%. The marginal magnitude distributions of real and simulated
catalogues are shown in Figure 6.4.

Each simulated galaxy also required realistic measurement uncertainties. I chose
these uncertainties by fitting the empirical magnitude-of'|relation in the CPz catalogue
using a non-parametric LOWESS smoother [80]. The resulting magnitude-o fits (by

band) are shown in Figure 6.5.

"The CPZ catalogue [I38] quotes the uncertainties o on the flux measurements for each band
from each original survey composing the catalogue; refer to Alam et al. 2015 [I4] and Arnaboldi et al.
2007 [23] for details of the SDSS DR12 and VISTA flux measurement error estimates, respectively.
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The simulated catalogue is observationally indistinguishable from the real CPz
catalogue, having the same joint probability distribution of magnitudes and uncer-
tainties. Figure 6.4 compares the marginal distributions of photometry, by band.

Because I selected simulated galaxies based only on having similar magnitudes
to the real CPz catalogue, the distribution of parameters in our simulated catalogue
(p(0|Dyest) will be different to our priors p(¢) (which are uniform or log-uniform, see
Sec. 6.2). This will be true for any real application and so sampling methods should
be robust to this.

6.4.2 Sampling Implementation Details

Treating the photometric measurement errors as independent Gaussian variables, the

log-likelihood of photometric observations x given parameters @ is:

log p(f|x) = —%(log(27ra2) +—=) (6.2)

where & = f(6) using the full forward model, or Z = f,,(#) using the neural emulator.
The task for each inference method was to find the posterior over the galaxy

parameters given the observations, p(f|x), given by:

p(x[0)p(6)

p(0]x) = ()

(6.3)

This is analytically intractable (because calculating p(z) = [(p(z]0)d6 requires one to
consider all possible models) and so we need to estimate p(0|x) using MCMC sampling.
The essence of MCMC sampling is to randomly ‘step’ between 6 values according
to the changing value of p(z|0)p(f). The 0 position after each step is recorded (a
‘sample’). The distribution of samples is guaranteed (under certain conditions) to
converge to p(f|x) after sufficient steps [281]. However, the number of steps required
can be arbitrarily large. Worse, in high 6 dimensions, posterior probability mass is
concentrated in a relatively small volume, called the typical set. Any proposed step
in a random direction becomes exponentially likely to ‘land’ at a 6 outside the typical
set and hence be rejected. Shrinking the step size will help make proposals within
the typical set, but the chain will then mix increasingly slowly. Ensemble sampling
(as implemented in emcee) and Hamiltonian Monte Carlo sampling (as implemented

in TFP and my own code) address this issue in different ways.
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6.4.3 Affine-Invariant Ensemble Sampling

Affine-invariant sampling with emcee is standard practice for many astronomers [136].
Affine-invariant sampling was introduced in Goodman and Weare 2010 [I51] and is
summarised by Foreman-Mackey et al. 2013 [I35]. Ensemble sampling mitigates the
issue of rejected proposals by using many parallel chains, called walkers. Walkers make
move proposals along the vector towards another random walker, with the distance
(and sign) randomised. The typical distance depends on the scale factor a; I used
the default scale factor a = 2, which is thought to be appropriate for most problems
[151]. In emcee’s parallelised implementation, the walkers are divided into two subsets
and the walkers in one subset each make a move proposal towards a random walker
in the other subset. By proposing moves based on the relative position of other
walkers, the sampling becomes affine-invariant i.e. performance becomes independent
of any affine transformation to the problem. This is extremely helpful because many
practical problems have correlated parameters which, in higher dimensions, make the
typical set small; affine-invariant sampling naturally accounts for such correlations.
Ensemble sampling is therefore suitable for a wide range of problems with minimal
tuning (hence, emcee ‘hammer’)

To reduce the burn-in time required, I initialised the chains/walkers from the high-
est identified likelihood maxima. For the original forward model, such maxima were

identified through Levenberg-Marquardt optimisation (following Prospector, [255]).
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For the neural emulator, I took advantage of the known gradients by using Adam
[230], an adaptive gradient descent optimiser. Finding global maxima in high dimen-
sions is difficult due to the presence of many local maxima which nonetheless have
unacceptably low likelihoods (corresponding to poor fits). To resolve this, many op-
timisation attempts are made starting from random 6 (uniformly distributed along
the range of the priors) and only the best are used as starting points. By visually
comparing the quality of the resulting fits, [ set a minimum likelihood of log L > —2.5
as a cut for acceptable fits. 50 attempts with Levenberg-Marquardt or 100 attempts
with Adamf] are typically sufficient to identify at least one acceptable @ in over 99%
of galaxies. Rare galaxies where no initial point of acceptable likelihood was found
were flagged and not sampled, to avoid poorly-behaved chains slowing down parallel
sampling.

The marginal posterior distributions (MPD) are typically the key measurement
of interest. These change rapidly during the early stages of sampling, then stabilise
after convergence, with additional samples gradually refining the estimated posterior.
I selected the number of samples and chains (for emcee, walkers) empirically based
on the rate of change of the MPD with respect to each. Samples and chains were
added until the MPDs stabilised sufficiently. Figure 6.6 shows an illustrative example
for HMC. The MPD-motivated choices are also supported by visual inspection of the
corner plots, € traces, and log-likelihood traces. 256 walkers collecting a total of 1
million samples per galaxy are found to be appropriate for emcee. The high number
of samples is an expected consequence of the relatively high dimensionality (D = 9)

of the inference problem.

6.4.4 Hamiltonian Monte-Carlo Sampling

The fundamental issue with Metropolis-Hastings Monte Carlo is that making a ‘guess
and check’ move proposal in a random direction will likely lead to rejection. Instead,
HMC (introduced as ‘hybrid” Monte Carlo by Duane et al. 1987 [107]) makes move
proposals based on the geometry, and specifically the gradient, of the target proba-
bility density. The gradient of the density points towards the mode, but - through a
physical analogy where an auxilliary momentum variable is added and the resulting
path is integrated - these gradients can be used to calculate proposals aligned with
the typical set. An intuitive (astrophysical) analogy from Betancourt 2017 [38§] is that
of a satellite orbiting a planet; given the gradient of the potential energy (probability

8Fewer might be sufficient, but Adam is fast and parallel so I do not attempt to improve this
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density), one can calculate the momenta and paths to remain in orbit (inside the
typical set).

HMC is not affine-invariant and so correlated parameters will be difficult to sam-
ple. It is therefore important to rescale the parameters, or, equivalently, carefully
choose the momentum distribution. I do so following the procedure outlined by Neal
2011 [315] and Betancourt 2017 [38]. Continuing the physical analogy, one can de-
fine a Euclidean metric M, A(q,¢') = (¢ — ¢)' - M - (¢ — ¢'), where M is chosen
to decorrelate the parameters. This metric implies distances in momentum space,
A(g,q) = (p—p)T-M~'-(p—p'), that in turn allows for momentum proposal distri-
butions such as (commonly) p ~ N(0, M). Choosing the inverse metric to equal the
covariances of the target distribution, M~ = E[(q — u)(q — u)T], will best decorrelate
the parameters under such a distribution ﬂ .

Having selected a momentum distribution, one also needs to choose both the step
size used during path integration, €, and for how many steps to integrate the resulting
path, L.

With respect to the step size ¢, short step sizes will be computationally expensive,
while long step sizes will lead to incorrect paths and rejected proposals. 1 set the
step size using dual-averaging step size adaptation, as introduced by Hoffman and
Gelman 2014 [176] (along with NUTS, below), with a target mean acceptance ratio of
0.75. Detailed balance is not satisfied during step size adaption and so a multi-phase
approach is needed, which I detail after discussing L.

With respect to the number of steps L, short paths will fail to benefit from follow-
ing the gradients along the typical set, while long paths may ‘orbit’ and repeatedly
travel through parameter space already explored. The No U-Turn Sampler, NUTS,
introduced by Hoffman and Gelman 2014 [I76], is often used to set L dynamically
by terminating a path if it doubles back. However, for technical reasons (see my
investigation at this GitHub issue), the TFP implementation of NUTS is significantly
slower than HMC with a fixed L. Instead, having fixed M and e as above, I manually
tuned L; I found L = 10 to be appropriate for this problem.

Bringing together the various approaches above, my final HMC sampling proce-
dure was as follows. The first phase was an initial burn-in period of 2500 samples,
initialised from the optimised starting point found as with EM-NN (Sec. 6.4.3), fol-
lowed by 1000 samples where the step size was allowed to vary (initially 0.05). The

9Tf one allows more sophisticated metrics, e.g. Riemannian metrics ¥(g) that vary locally, one
can further decorrelate parameters at the cost of increased complexity
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Method | Sampling Time (s™*h™') | Speedup vs. EM (h™1)

EM 2.0 x 10° -
EM-NN 1.6 x 10° 1,000x
HMC 1.5 x 10? 10,000x

Table 6.2: Comparison of total sampling time for posterior recovery, by sampling
method.

second phase was 5000 samples at a fixed step size set to the mean of the previously-
identified step sizes. These samples are used to estimate the parameter covariance
and hence construct a non-unity M. Finally, the third phase is a further burn-in
period of 2500 samples (where the step size is again allowed to vary) followed by the
10,000 samples ultimately used to measure the posterior. The various hyperparam-
eters above were generally found through extensive trial-and-error rather than from
theoretical considerations. Based on the evolution of the marginal posterior distri-
butions (as for emcee), 32 chains and 100,000 samples per chain were found to be

appropriate for HMC.

6.5 Results

I showed (Table 6.1) that one can dramatically speed up the calculation of photometry
from 6 by emulating our forward model with a neural network. Comparing the speed
of emcee with the full forward model (EM) and with the neural emulator (EM-NN)
shows the practical effect of this speed-up. EM-NN is approximately 1000 times
faster than EM, a similar ratio to the relative speed-up of the emulator vs. the full
forward model. This is expected given that sampling the forward model is the main
computational cost; speeding up the forward model should therefore proportionally
speed up the overall inference.

By using the known emulator gradients to perform HMC sampling, and using the
efficient batchwise HMC implementation in tensorflow-probability, I achieved a
further factor of 10 in speed.

Figure 6.7 shows a visualisation of the posteriors as a function of true parameter
value. One can qualitatively verify the accuracy of each method by comparing the
posteriors estimated via each sampling method with each other and with the true
parameter values used when simulating the galaxies. All three approaches provided
posteriors that are very similar to one another and consistent with the known true
parameter values. The posteriors are often poorly-constrained, as expected from the

limited (ugrizHJY photometry only) data. Crucially, and unlike template-matching,

174



the stacked (marginal) posteriors reveal the true mean parameter values in regions
of parameter space where the photometry is sufficient to provide weak constraining
information. For example, the relative flux contributions of each component (stellar
mass, AGN disk scale, and AGN torus scale) are poorly constrained when low (and
dominated by other components), but well-constrained when high (and significant).
These results demonstrate both that Bayesian inference can recover useful mea-
surements from photometry alone, and that neural emulation can radically speed up
such inference without reducing accuracy. This project remains in progress; I hope
to perform more quantitative tests on the quality of the posteriors and to investigate

adding redshift as a free parameter.

6.6 Discussion

Much of the work in this chapter related to the technical details of effectively us-
ing TensorFlow Probability’s HMC sampler. Being more familiar with the robust
‘hammer’ design of emcee, I was surprised that HMC required a carefully designed
multi-stage process and significant tuning to perform efficiently. This is partly a
consequence of TFP being a relatively new package. As TFP and related packages
mature, running HMC with neural emulators will likely become far easier. Stan
[405] is an example of a mature HMC package for graphical models. I would favour
the creation of a ‘Stan with neural networks’ package which combines automatic
emulation with full-featured HMC. Meanwhile, my implementation is available at
https://github.com/mwalmsley/agnfinder| for other researchers interested in the spe-
cific context of photometric inference.

The further speedup from using HMC is likely to be increasingly pronounced
in high dimensions. However, the curse of dimensionality makes training accurate
emulators difficult as the volume per example increases rapidly. Fitting an explicit
functional form, as opposed to using the network outputs directly, may relieve this.
Taken further, one could likely improve performance by emulating each component
of the forward model separately. Many practical astrophysical simulations, including
those here, are composed of complex sources (e.g. stellar spectra) and simple rules
to combine or observe them (e.g. redshifting, IGM absorption). One could emulate
the complex source functions, as above, and straightforwardly rewrite the remaining
simple rules in probabilistic languages. This would both better encode our astrophys-

ical knowledge and drastically reduce the dimensionality of the emulation problems.
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Figure 6.7: Mean posterior vs. true parameter value, for EM (above), EM-NN (cen-
tre) and HMC (below), by parameters. Parameter values (z axis) and posterior values
(y axis) are each split into 50 evenly-spaced bins. White to dark blue represents zero
to maximal posterior mass per bin (all sampled posteriors are normalised to integrate
to 1). True values lie on the diagonals, but the individual posteriors should typically
be only weakly constrained. All three methods produce very similar posteriors, sup-
porting the reliability of the (far faster) HMC-NN approach. Tick labels are rescaled
from the physical parameter ranges to the 0-1 interval.
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Alternatively, it may be possible to compress the forward model outputs into lower
dimensions, as was done by [17] to predict spectra.

This chapter has investigated how to speed up sampling from a posterior. But
what if sampling was not needed? Likelihood-free inference (LFI) methods aim to
directly predict the posterior from observations, by learning from {6, f(0)} pairs like
those simulated in Sec. 6.3. This would be several orders of magnitude faster than
sampling as one avoids making thousands of forward model predictions per posterior.
However, LFI is presently a non-interpretable ‘black box’ method that lacks (for
example) the established MCMC convergence diagnostics, and so one would need
some guarantee that the posteriors are reliable. This is especially important given the
difficulty in accurately emulating photometry that this chapter shows, as emulating
photometry might be considered a necessary step implicit in LFI. A solution might
be a ‘cosmic ladder’ for inference: using emcee for small samples, HMC for large
samples, and LFI for very large samples, while checking that each produces consistent
posteriors for galaxies in specifically-chosen overlapping subsets.

Deep learning is often criticised for being incompatible with making precision
astrophysical measurements. This is a fair critique; even the techniques I use for
inferring Galaxy Zoo posteriors in Chapter 4 likely fall short of the level of precision
in posteriors that a weak lensing study, for example, might require. However, I hope
that this chapter demonstrates how deep learning may, through combination with

traditional techniques, play an integral part in drawing robust statistical conclusions.
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Chapter 7

Conclusion

This thesis has covered four different scientific topics, each addressed through different
methods. My choice of approach has been guided by considering how to make the best
use of limited data. For detecting low surface brightness tidal features (Chapter 2),
I used custom augmentations and a small model to learn from scarce expert labels.
For classifying galaxy morphology (Chapters 3-4), I introduced novel probabilistic
loss functions to learn from uncertain volunteer labels. For CHIME (Chapter 5), the
promising FRB candidates would have been discarded for being too faint were it not
for my project. And for fast inference with galaxy photometry (Chapter 6), I used
emulated Hamiltonian Monte-Carlo sampling to handle degeneracies from having only
colour measurements rather than full spectra.

Efficiently using limited data requires careful consideration of uncertainty. Judg-
ing what can and cannot be inferred is a familiar statistical question, and so one can
greatly benefit from applying established statistical tools in the new context of deep
learning. For example, my final galaxy morphology classifier - the part of this thesis
that I consider to have the most interesting methods - combines Dirichlet-Multinomial
distributions and entropy with MC Dropout and ensembled networks. One can also
apply deep learning to support established statistical tools, as I did with my emulator
in Chapter 6. Combinations in either direction are only possible thanks to probabilis-
tic programming libraries like Tensorflow Probability [I01] and Pyro [43] B344]. T
therefore encourage scientists to use, give feedback, and where possible contribute to
such libraries.

Exploiting uncertain information helps you build more accurate models. To do
so so, you build models which themselves make predictions with uncertainty. This
win-win scenario is especially important in the broader context of ML in astronomy.

I believe that deep learning in astronomy is moving from ‘will it work?’ to ‘can we

trust it?” We have seen many successful applications of deep learning in astronomy
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since being introduced around 2015 (Sec. 1.3). While this undoubtedly reflects some
selection bias (the most recent unsuccessful application I came across while writing
this thesis was Thonnat and Bijaoui 1989 [424]), the broad effectiveness of deep
learning is indisputable. However, it is notable that papers showing a deep learning
approach is possible (i.e. predictions are generally accurate) remain more common
than papers that actually use deep learning to answer a science question or publish
new measurements. I think this is partly attributable to well-founded concerns around
reliability; generally accurate predictions are often not sufficient for sciencd] In the
context of large surveys (where machine learning is often described as vital for scaling
up analysis), systematic errors increasingly dominant statistical errors from limited
sample sizes. I opened this thesis with an argument that deep learning is both prone
to a variety of systematic errors and difficult to inspect (Sec. 1.1). Several well-known
limitations of deep learning - overfitting, uncertainty, and shortcut learning - must
be considered seriously for scientific applications. I hope this thesis shows that it is
possible to make progress in overcoming them.

I think that future progress will require an attitude of ‘trust but verify’. In ex-
perimental sciences, controlled trials are crucial. The performance of a deep learning
method is ultimately an experimental question that deserves deliberate comparisons
in a controlled environment. I applaud recent work testing machine learning ap-
proaches in this manner, such as PLAsSTiCC [285] and the LSST photometric redshift
experiment [375]. To facilitate such comparisons, astronomical deep learning models
must be transparent, open-source, reproducible, and portable (i.e. straightforwardly
applied to related datasets). To this end, I have included the images shown to volun-
teers in the Galaxy Zoo DECaLS data releaseﬂ in the hope that it can provide a useful
benchmark on which to compare new methods, much like the Galaxy Challenge did
in first demonstrating the potential of CNN. I have also open-sourced my code should
it be useful as a baseline.

Computer scientists continue to make progress on estimating uncertainties [4l, 1431
433] and on shining light into black box models [22] [75 307]. Astronomers must search
the developing literature for new tools that might help address our practical concerns.
Further, we should engage with computer scientists to argue for the importance of

our requirements and to recruit them into astronomical work. Astronomy is an ideal

!There are specific cases such as adaptive optics control or observational scheduling where machine
learning acts more like an engineering tool than a scientific instrument.

2Galaxy Zoo DECaLS: Detailed Visual Morphology Measurements from Volunteers and Deep
Learning for 314,000 Galaxies. Currently under review and available on arxiv.
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domain for researchers interested in ML problems, partly for our large and diverse

datasets but also - and perhaps more importantly - for our interesting questions.
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