











































































































GENERALIZED OPEN
LEARNERS LAGENTI

WHAT UNDERSTAND THE INFORMATON FLOW
IN ARTIFICIAL NEURAL NETWORKS

WHY CONCRETE PROXY FOR UNDERSTANDING
GENERAL CYBERNETICS SYSTEMS

10W TAKE PARAMETERIZATION AND BIDIRECTIONALITY
SERIOUSLY














































































































UPERVISED LEARNINGWITH NEURAL NETWORKS IN ONE SLIDE

DATASET list Xxy

NEURAL NETWORK
WEIGHTS

x
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WEIGHTS CONTROL THE NN PERFORMANCE

PROPAGATING CHANGES BACKPROPAGATION

ONESTEPTHIS IS ITERATED














































































































2ESULTS

I

PARAMETERIZATION and BDIRECTIONALITY

can be defined separately andthen composed

GENERALIZED OPEN LEARNERS Agents

Abstract treatment of gradientbasedlearning
Backenopagation RBCs

Loss function

Update mule
SIMPLER PEDAGOGICAL

Works on Euclidean spacesand Boolean circuits

Defined optimizers GRADIENT DESCENTMOMENTUMADAM
as lenses

Optimizers are 2cells in GEN OPEN LEARNERS














































































































GAME PLAN

PARAMETERIZATION

BIDIRECTIONALITY
PARAMETERIZATION t 131DIRECTIONALITY

DIFFERENTIATION HOWDOWECONSTRUCTLEARNERS

HOW DOES LEARNING WORK

EXAMPLES














































































































PARAMETERIZATION

EixaSMC ox.I

DEF Powale
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GRAPHICAL LANGUAGE
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TROP Parade is symmetric monoidal

Effy
Power is natural w.r.tt basechange
JEF
Let G e D be a symmonoidalKeator We

define PowalG Powale PanelD RELEVANT TO

A GA
BACKPROPAGATION

c feetf't
B GIB

where f is thecomposite
Glp GHHqaro.at GlBl

ALSO Power is an enolofunctor on SMC also a moron
a lot more structure
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BIDIRECTIONALITY
lenses optics dependent lensesContPoly

CURRENTLY FOCUSING ON OPTICS AS THECANONICAL
BIDIRECTIONAL STRUCTUREOPEN TO AMENDMENTS

X y
DDEFCategoryOpticle In

Objects pain ofobjects in E Y
HIT

c COEND FROM THEOUTSIDE

Optic e Yik IXMoxy xelnoxr.SI

TROP He is Cartesian then Lemlekopticle



PROP Article is symmetricmonoiolol

EXAMPLE GRADIENTDESCENT

PxP up
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PARAMETERIZATION 1131DIRECTIONALITY
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ASIDE category Learn from Backpoor on functor

THEOREM Learn PaneloaticSett

HOW DO WE ACTUALLY CONSTRUCT SOME USEFUL
LEARNERS NEURAL NETWORKS
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THIS IS WHAT TENJORFLOWIPYTORC.tlJAX

AREDOING



DIFFERENTIATION

Reverse derivativecategories RDC

DEF A RDCC is a category whichforevery
AIB the getmom

has a map

REF A B A

thePotmapofa lens

subjectto some conditions

EXAMPLE Smooth ISA RDC Boolline ISA RDC

EXAMPLE Let Smooth
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Oaticle

FUNCTORIALITY OF F IS THECHAIN RULE

THEOREM THE ACTION OF Pam ON THE FUNCTOR

e Opticle
RESULTS IN A FUNCTOR
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10W DOES DERIVATIVE BASED SUPERVISED LEARNING HAPPEN

1 UPDATE MAP

THM Gradient descent is a neponometerization
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THEOREM
FIX A RDC e

FIX LOSS FUNCTION DATA MSE SOFTMAXCROSSENTROPY

FIX PARAMETER UPDATE DATA GD
MOMENTUMADAGRADADAM

then we can define a functor Poncelet Powelleaslel

which creates a learner

UPDATE



BACKWARD Loss UPDAIK

PASS FUNCTION MAP

Pomelelpmate Parallenstelltsparallemled t sparallemled
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EXAMPLES

PARAMf T
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t T outpost
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Learning on Smooth

b T

7

GENERATIVE ADVERSARIAL NETWORKS
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AUTOENCODERS

Pd 4 Qt in disaffection

i



Learning on BootCirce



TODO FUTURE WORK

DEPENDENT TYPES

METALEARNING

AUTOMATA LEARNING

OPENGAMES

LEARNING ITERATION REPEATED GAMES

OPEN DYNAMICAL SYSTEMS

PROBABILITY DISTRIBUTIONS

Pane AND Optic ARE PRETTY GENERALWHATELSE
CANWEMODEL
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