
Deep learning is revolutionising our world, but why
does it work so well?

Deep learning is making breakthroughs across many scientific and commercial do-
mains, but we don’t have a theory which explains why it works so well. Much of the
complexity of deep learning arises because it can solve the same problem in many differ-
ent ways. We can view these solutions as a shape, where complex attributes of the model
manifest as geometric features called singularities. We believe that these singularities
encode rich information which governs the behaviour of models, and that the path to
understanding deep learning will be found via understanding these singularities.

Deep learning: a recent history

The accomplishments of deep learning in the last five years alone are dizzying. In 2016
Google’s AlphaGo defeated the world’s best Go players, a board-game long-thought to
demand levels of creativity beyond artificial players. In 2020 Google’s AlphaFold deter-
mined the structure of protein molecules to near-experimental levels of accuracy, which
biologists described as a “game changer” for medical and biological research. Also in
2020 OpenAI unveiled GPT-3, which can write sophisticated articles which are often in-
distinguishable from those written by humans – see the picture below. And just last week
Microsoft announced GitHub Copilot, a deep learning model which Microsoft claims can
write entire computer functions based on short descriptions. Deep learning is proving to
be a technology which could revolutionise a number of fields, and we are just starting to
see its potential.

Why do we need a theory?

Currently deep learning practitioners rely on experiments to develop and test models.
But having a large amount of data is essential to how deep learning works: many phe-
nomena are simply not observed when working with small amounts of data. This means
prototyping with scaled-down models can be misleading. On the other hand experiments
involving a large amount of data can be eye-wateringly expensive: running the computa-
tions necessary to produce the final version of GPT-3 is estimated to have cost over USD
$4 000 000. These makes studying and improving upon cutting-edge deep learning models
very difficult.

A theory could both explain deep learning’s extraordinary results and inform prac-
titioners as they develop new models, just as our understanding of physics informs the
engineering discipline.

A crash course in deep learning

Let’s take a step back and discuss, in broad terms, what a deep learning model does and
how it is taught to solve a problem. A model takes in some input and produces an output.
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Figure 1: An example of the output of GPT-3. The text in grey is a human-written prompt –
the input to GPT-3 – and the text in black is the resulting output. The authors of the paper
found that, of 25 similarly generated news pieces, people found this example the most difficult
to identify as being written by GPT-3. Reproduced from Figure 3.14 in Brown et al, (2020)
“Language Models are Few-Shot Learners”, arXiv:2005.14165.

For example, GPT-3 takes in a text prompt, and outputs a completion of that prompt.
The behaviour of the model is controlled by adjustable parameters, which change how
different parts of the input affect the output. The process of training a model amounts
to repeatedly making small tweaks to these parameters which nudge the model closer to
the desired output.

Towards a theory

A key reason deep learning models are hard to understand is that there are many different
parametrisations of the model which give the correct output. In other words, a model can
solve a given problem in many different ways. We can view the set of possible solutions as
a shape by considering each parametrisation of the model as a point in space. It turns out
that this shape can be extremely complex. Where a circle, sphere or donut shape changes
smoothly and predictably as you move over it, this shape often has sharp twists, creases,
self-intersections and other complexities. These complexities are called singularities and
are the key reason why classical statistical techniques do not work for deep learning.

We believe that understanding these singularities is key to developing a theory of deep
learning. When a model is close to a solution the effect of making small adjustments to its
parameters can be hard to understand. Recent work by Sumio Watanabe has shown that
by systematically removing these singularities we can simplify the behaviour of the model
near solutions. Singularities also encode information about the model in a way which is
not immediately obvious. By analysing the geometry of the singularities we can predict
certain properties of the model, for example how well a model is likely to generalise from
the examples it was trained with.

It is likely that these singularities have a lot more to tell us. There are rich theories
about singularities arising in other areas of mathematics and physics which have not been
applied to deep learning. Our project aims to adapt results about singularities from other
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areas to the context of deep learning.
So how do we tackle these singularities? One technique – the one used by Watanabe

– is the blow-up. This is a way of pulling apart singularities and removing them from the
shape, and is best illustrated with a picture – see below. The red curve is a simple example
of the set of solutions available to some deep learning model. At the point labelled A we
have a singularity – a ‘self-intersection’. The purple spiral is the result of blowing up.
One can see that the shadow cast on the plane by the purple curve is exactly the red
curve. The singular point A has been separated into two points on the purple curve, and
the purple curve no longer intersects itself. In general you can think about the process of
blowing up as follows. We take our shape, and think about it as being the shadow cast
by some other shape without any singularities. Our goal is to find a shape which casts
this shadow. A remarkable fact is that we can always remove all singularities in this way,
no matter how complex. This was proved in 1964 by Heisuke Hironaka, in a paper over
200 pages long!

Figure 2: An illustration of a blow-up. The curve in red lies entirely within the plane
(grey) and has a singularity at the point A. The result of blowing up in order to remove
the singularity at A is illustrated lying above in purple.

Singularities arise across across a variety of areas of mathematics, from quantum
physics, to differential equations, to the study of knots. When they arise, understanding
the singularities is often key to understanding the problem at hand. As such, there
are many sophisticated techniques – like the blow-up – that we can use to analyse the
singularities arising in deep learning. We don’t know exactly what these singularities have
to tell us about deep learning, but we firmly believe that the path to understanding deep
learning lies via understanding these singularities. By focusing the study of deep learning
around these singularities we are best positioned to discover what makes deep learning
special.
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