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1 Applied Mathematics at University

1.1 Welcome!

Welcome to the Downing College Summer Program 2024! I’m going to be teaching you all some
applied mathematics over the next couple of weeks, and I’m super excited that you’re here to join
me.

Over the next two weeks we’re going to try and develop some mathematical background to help
you study on other courses over the course of the summer school. Many of the subjects you might
want to study might make use of this material, and we’ve worked together to help provide a basic
mathematical foundation for the other subjects.

Over the course of the next two weeks we’re going to look at a broad variety of topics, from
programming, to data analysis, to mathematical modelling. Here’s a rough outline of the structure
of the rest of this course:

1. Applied Mathematics at University

2. Introduction to Python

3. A Bit More Python

4. Distributions and Data

5. Hypothesis Testing

6. Exploratory Data Analysis

7. Simulation and Hacker Statistics

8. A very brief introduction to Machine Learning

As you can see, we’re going to lean heavily into the kinds of skills that you might find useful
moving towards university study. Quite a lot of the course is focused on helping you develop a
small amount of fluency with Python, a leading programming language. Most research these days
is performed using code, and python is one of the most celebrated and widely used programming
languages available today. It’s also free to use.

Starting at the beginning, we’ll explore some foundational topics when working with data, de-
veloping some intuitions for working with the code. We’ll then move towards statistics from the
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programming perspective, before looking at some really modern ideas in data. Along the way we’ll
explore a few additional topics to help supplement your study in the other courses.

Let’s get started!

1.2 How can mathematics help me at university?

Being mathematically literate is incredibly important in the modern world, and it’s never too late to
develop some more mathematical skills. This is especially true if your main area of study at university
isn’t highly mathematical - that is, if you do something besides STEM. Having good data literacy gives
us additional skills to understand lots of confusing modern phenomena - the AI boom comes to mind.
What exactly is a neural network anyway, and why do they suddenly seem to be everywhere?

Even if not for yourself, learning to apply mathematical skills, reason with data, and explore trends
will give you lots of new tools for exploring your own subject.

- Mar’s project - exploring data in psych and art? politics/economics?

1.3 Mathematics at university

Learning mathematical skills at university is very different to the kinds of mathematics you might
have done in school thus far. At school, lots of mathematics is very formulaic - learning a method to
apply to a very specific kind of problem. Often this goes so far as to learning the approach for every
different variation on a given class of problems (you might know, for example, three different ways
to solve a quadratic equation).

At university, this kind of structure is turned a bit onto its head. Mathematical study might start
with quite a lot of structure, but over the course of your programme, you’re likely to notice that
questions become much more open-ended, freeform and exploratory. This is true more or less im-
mediately for mathematics students - if you study mathematics as your main subject at university, the
main goal is to develop a feeling for the art of problem solving. That is, you might be given many
slightly ambiguous questions, and often be asked to determine an answer without any fixed method
in particular. This is very classic for maths students - luckily the rest of us are spared this toil until
later into the course!

Depending on what area you go into at university, you’re likely to learn mathematics quite dif-
ferently. For people studying science, technology or engineering subjects, especially the very math-
ematically heavy ones such as Physics and CompSci, you’re likely to encounter a first-year/first-term
mathematics course. In that course you’re likely to learn about some analysis - that is, a slightly
more rigorous introduction to calculus, the mathematical study of change, and some statistics and
mechanics relevant to your subject. Regardless of what you do, you’re unlikely to be able to escape
studying calculus, and if you’re lucky, you might even get to do multivariable calculus (lots of fun).

If you choose to do mathematics, or follow a more pure-mathematical thread through your uni-
versity life, you’re likely to study mathematics in a very rigorous way. You might see, for instance,
mathematics classes being taught as a sort of collection of facts or statements, which might look like
this:

Theorem 1 (Pythagoras’ Theorem).
Given a right-angled triangle with sides a, b, and hypotenuse c, we have

a2 + b2 = c2

Proof. The proof is left to the reader.

In more formal mathematical education, you’ll often find that you’re presented with these state-
ments and definitions and asked to learn them and their proofs (that is, a series of steps justifying why
they are correct). The thinking is, by studying results and proofs carefully and often enough, you’ll
learn how to construct interesting results and produce correct proofs when you explore the subject
more on your own.
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In more science/engineering subjects, you’ll much more likely find that the ”proofs” are omitted,
taking only interesting results to benefit the other material that you’re going to learn.

In a science discipline, you’re likely to encounter a lot more statistics along the way, often aided
by statistical software like SPSS or RStudio. It is quite common in modern scientific research to forego
statistical software for statistical testing using a programming language (like Python or R). Python, in
particular, is very heavily employed in many disciplines these days and is a great starting language
for almost anyone to learn.

Figure 1: IBM SPSS, the R programming language, and the Python programming language.

For example, if you want to demonstrate that a drug is actually making a significant intervention
against a certain disease (and actually has an effect), you’re going to want to be able to compare the
results between the control group and the intervention group. Performing a valid statistical test will
tell you whether or not the difference between the two groups actually exists, or if it’s more likely that
it’s being caused by just random noise. For this reason, don’t be surprised if you take a psychology
class at university and suddenly find yourself in a statistics class!

Overall, you’re likely to find that mathematics at university feels much more open-ended than
in school. You won’t be given a method to solve every possible version of a problem that you’re
possibly going to see. Instead, it’s far more important to develop a generalist and broad-ranging
understanding of the problems itself and reasonable mathematical approaches you might take, so
that you are able to reason for yourself and solve unseen problems.

A large part of this means that, very often, you’re going to find yourself in a situation where you
don’t know how to solve a problem. You might realise you don’t know something as well as you
thought, or you simply have no idea why the numbers aren’t coming out right. This is part of the
experience when you come to using mathematics at university, and, most importantly, you shouldn’t
panic when this happens! Just like when look at a page of a book in a foreign language, you don’t
panic because you don’t understand, you shouldn’t panic when you come across problems you don’t
immediately know how to solve - instead, you take a deep breath, accept it might take some time to
wrap your head around it, and get to work learning the language. Before long, a lot of it gets a lot
easier - but that experience will never completely go away.

1.4 Mathematics for your career

Surprisingly, mathematical skills are more in-demand than ever, yet so many people don’t feel com-
fortable with their numerical skills. As mentioned, lots of people experience a sort of maths panic,
where they freeze, decide they’re not a ”maths person” and then move on while trying to avoid it for
the rest of their life.

This is a real shame - mathematics is really the study of patterns, and humans can’t help but see
patterns in everything! So, unsurprisingly, when you’re able to spot patterns in your work and use
the mathematics to really state the pattern carefully, this can be really valuable to your business and
your career.

This can be relatively simple things, like creating a model for predicting how much stock a busi-
ness still has, to complicated data-driven models for difficult forecasting problems. Individuals who,
at the very least, aren’t afraid of using mathematics to think about business problems tend to be highly
valuable, especially if they’re also good at communicating that information to a business audience
(which might be rather general).

Increasingly these days we find AI and Machine Learning (ML) are becoming ever-present in
our tech. Everything from the prediction engine powering your phone’s autocorrect, to your spotify
recommendations, to enormous, gargantuan language models like GPT-4, Claude 3 or Gemini Ultra.
What these models do is, essentially, allow us to capture patterns in data (be that text, similar listening
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Figure 2: Pareidolia is the natural tendency to perceive patterns in stimuli where the pattern does
not exist. Humans are hard-wired to search for meaning in things, even if it isn’t really there.

habits, or all of the text in the internet) and make use of those patterns to reap enormous economic
benefits.

If you can get a foothold in the work of ML, it can take your career very far very quickly, as
many organisations these days are looking to expand their use of AI to maximise growth. As such,
lots of routes have opened in recent times to enable individuals to move into tech, even if they’ve
worked in different areas previously. For example, there are now a collection of courses called ”AI
Bootcamps”, where individuals, usually having achieved at least a BSc before, go to learn (usually
online) about machine learning models and data science for 6 weeks or so. Many of these courses
also offer career guidance at the end of the programme, giving even more help for individuals to get
into a data-centric career (which, by the way, tend to be very lucrative - the average data scientist,
according to Glassdoor at the time of writing, earns 52,000 pounds in the UK).

Most of this course is going to be directed at learning about how to think of mathematics as a tool
for studying data. That might be data from research, or more broadly for business. As such, we’re
going to explore some of the basic ideas behind this data-science approach. Regardless of what you
take away, a lot of the content you learn here could be useful for your future career (if you’re willing
to apply it!).

1.5 Projects across disciplines

Lastly, it’s worth mentioning that there are many areas where we can use applied mathematics to
create interesting artistic works. For example, if you haven’t heard of DALLE-3 [7] or Midjourney
(or even Sora [8], which was announced two weeks ago at the time of writing), then you’ve been
missing out on some of the most bizarre generative technology that humans have ever created. For
example, here are some pictures that DALLE-3 generated when I provided it with a prompt.
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Figure 3: ”Please make a picture of a polar bear wearing a suit, walking through Downing College,
Cambridge. His suit is inspired by the striped pattern of a bee.”
”Could you now make a picture of a fashionable unicorn wearing a crown studying applied mathe-
matics at the Downing College Summer Programme?”

While these particular examples are somewhat mortifying, models like DALLE-3 and Midjourney
are incredibly powerful and can be helpful for producing graphics in scenarios where the need for
human-produced art is relaxed somewhat, like in presentations or background art on a website.

Two more artistic projects that have come out of work taking place in the Cambridge Conscious-
ness and Cognition Lab (my main lab) are Synch.live [12] and Latent Ecologies of the Mind [9]:

Synch.live

Synch.Live was an artistic and scientific exploration of how humans feel more connected when they
exhibit emergent behaviour. Individuals were placed in a dark room wearing flashing hats and given
the task, as a group, to get the flashing of the hats to sync up. To achieve this, they used a measure 	
reflecting emergence [11]. As this number increased, the synchronicity of the flashing also increased,
giving the players a goal of acting as an emergent group (without explicitly mentioning this goal).
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