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Definition II.1. Let A and B be sets. A supervised learning
algorithm, or simply learner, A — B is a tuple (P,1,U,r)
where P is a set, and I, U, and r are functions of types:

I:PxA — B,
U:PXAXB—>P,
r:PxXAXB— A.

THEOREHM. Lo = Pome (G4 [Set))
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Theorem IIL.2. Fix a real number ¢ > 0 and e(x,y): R X
R — R differentiable such that 3—;(x0, —): R — R is invertible
for each xo € R. Then we can define a faithful, injective-on-
objects, strong symmetric monoidal functor

Le,: Para — Learnz fara (Oetic (Set))

Pn.r'a(f"‘wu‘)
that sends each parametrised function I: P X A — B to the

learner (P,I, Uy, r1) defined by
Ui(p,a,b) = p — eV,Ei(p,a,b)

and

ip,a,b) = £i(VaEi(p,a,b))

where Ei(p,a,b) == Y.;ie(li(p,a),bj), and f, is component-wise
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4 Reverse Derivative Ascent

4.1 Reverse Derivative Ascent Algorithm

We now introduce our machine learning algorithm, reverse derivative ascent. The definition refers to
the category BoolCirc, as boolean circuits are our motivating example. However, our formulation makes
sense in any reverse differential category.

We proceed in two parts: the inner ‘step’ of the algorithm, which we call rdaStep, and the outer
‘iteration’ of rdaStep, which is rda.

Definition 20. Let f : p+a — b be a boolean circuit in BoolCire, thus computing a parametrised boolean
function with p parameters. We define rdaStepy as

)

Model error
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