
3 Applications abound
Permutations turn up in all kinds of applications of
machine learning: from signal processing and medical
imaging, via facial recognition and anomaly detection,
to basic research in astronomy and mathematics. Our
approach works for all these cases.

Machine Learning with Symmetries
Daniel Platt1, Benjamin Aslan2, David Sheard2 1Imperial College London   2University College London

This work was supported by the Engineering and Physical Sciences Research Council [EP/L015234/1]. The EPSRC Centre for Doctoral 
Training in Geometry and Number Theory (The London School of Geometry and Number Theory), University College London.

4 Transforming inputs
We use the geometry of permutations to transform the
input data to encapsulate all possible permutations. This
means the machine learning algorithm has those
permutations built into it:

input → transformed input.

We then use standard machine learning techniques on:
transformed input → output

The transformation converts all inputs which are
permutations of each other to a single representative
input, chosen carefully to reflect the structure of the
possible permutations.

1 Machine learning
Machine learning involves programming
a computer to teach itself to solve
complex problems using vast amounts
of data. There are applications every-
where, including in medicine, computer
translation, and image recognition.

We use pure mathematics to design new, more accurate, and efficient machine learning algorithms. These come from
theoretical computer science but are ubiquitously applicable in the modern world.
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Step 1: Training Step 2: Application
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A rotation viewed as
a permutation of pixels

5 Benefits and examples
Benefits of this novel approach
Existing methods to account for permutations in
machine learning (eg augmentation and deep sets) are
inefficient and do not generalise well. Our approach:
• Boosts accuracy and greatly improves efficiency
• Works well even with extremely large numbers of

permutations
• Is compatible with a wide range of machine learning

algorithms
Examples
1. Low resolution rotated digits
Accuracy: Baseline: 87%. Our method: 92%.
2. Problem from string theory
Input: a model for spacetime in the form of a table of
numbers. Output: number of solutions to an equation
aaa in this model. Outputs do not
aa change when the rows or
aaaaa columns in the
aaaaa table are permuted.

Accuracy:
Baseline: 85%.
Our method: 95%.

2 Permutation problem
A permutation is when a group of objects is 
rearranged:

(  ,   ,  ) → (  ,   ,  )
There are more complicated instances of 
permutations: for example, a rotation of an 
image can be thought of as a permutation of
its pixels.
Machine learning algorithms find approximations to 
the function between some input data and an output:

input → output.
Often, the output stays the same, even if the input is
permuted. For example, rotating an image of a digit
does not change which digit the image depicts. Our
goal is to harness this property to design more
accurate and efficient machine learning algorithms.

The computer learns the relationship
between many training examples and
their labels.

The machine can now
deduce the labels of
unseen examples.

A possible model for 
the spacetime 

continuum called 
the Fermat quintic


