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String Diagrams in Computer Science
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Neural networks vea ()
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Key ldeas

Graphical notation becomes formal syntax
and it is given compositional semantics
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Case study: Gradient-Based Learning
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Roadmap
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Parametric Maps
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Composing Parametric Maps




Parametric Maps

Example: a neural network is a parametric map in Smooth
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Parametric Maps

Example: a neural network is a parametric map in Smooth
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String Diagrams for Lenses

We use string diagrams in Tamb(C)

Faithful embedding of Lens(C) in [Lens(C)°?, Set] = Tamb(C)
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Parametric Lenses

Parametric lenses = parametric maps in Lens(C)

= maps in Para(Lens(C))
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Composing Parametric Lenses
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Parametric Lenses

Example: a neural network is a parametric lens in Smooth

P P’
| 5
P - f |
| A
A - |
/‘1
A TR <7
¢ f\. B.’

14



Where we are, so far
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Optimiser as reparametrisation
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Basic gradient descent
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Optimiser as reparametrisation
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“Stateful’ optimiser such as Adagrad, Adam, Nesterov,
Momentum, etc. can be all formalised unitormly as
reparametrisations.
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Where we are, so far
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Mean Squared Error

P P
A B
Optimiser
® P” D ®
A : B I7E; —\
“ e ’
Model TN \ii
PR .
< RIMSE]C 1>
. € /,.-’
A B’ ’

19



Mean Squared Error
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Where we are, so far
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Variations |: Deep Dreaming
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Variations |: Deep Dreaming
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Variations |l Learning Boolean circuits

I\
)
#
N
/

\
é%nmﬁ'
/DA
47

1

» 1"‘ "»1
4 ‘M..“’Q
v ‘.L

4
Kk
/‘H‘\
ZPNNIN
:0::0
CAAR )
R

1

Neural networks Boolean circuits

Instead of Smooth we work in Bool
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Variations |l Learning Boolean circuits

R[f] is defined inductively on circuit syntax:
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DIScUSSsIon
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An algebraic framework for gradient-based learning.
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DIScUSSsIon

Uniformity

All components at work In the learning process are
reduced to a single concept: parametric lenses.

Abstraction

A wide range of optimisers, models, loss maps, etc.
are instances of the framework.
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DIScUSSsIon

Compositional reasoning
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DIScUSSsIon

Resource-sensitive Formalism
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DIScCUSSsIon

Going forward

Lens-Theoretic Learning beyond gradient-descent
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DIScUSSsIon

Implementation

https://github.com/statusfailed/numeric-optics-python/

http://catgrad.com/p/reverse-derivative-ascent
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