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Todays quick overview planning restof semester
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2 LAYERS NEURAL NETWORKS
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Why 2 layers NNs rich enough class offunctions
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2 layers NN can approximate any
reasonable

functions

From classical theory of universal approximation
it is often more insightful to think in termsof
empirical distribution
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MEAN FIELD LIMIT STATICS

Preta look at the population risk
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Rule Can think about RN O as the energy of Nparticles
in D dimensions moving in an external potential
VCO and with pairwise potentials UCO Oj
kernel U is PSD U is a repulsive interaction
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Minimizing Rv O and R e is not much

different
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STOCHASTIC GRADIENT DESCENT

We went to minimize Rn O do SGD
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consider one pass over the data Lyn na are iid
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DISTRIBUTIONAL DYNAMICS
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We will take both E O continuous time limit
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Several groups in 2018 showed
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NOISY SGD
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GRADIENT FLOW
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is the gradient flow for R e in Wassersteinmetric
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TOPICS

If anyone is interested in presenting some mathematical
topics related to MF limit

Gradient Flow in Wasserstein spaces etc

Convergence of SGD process to PDE

E g if we are interested in the risk
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Proof couplings propagationof chaos concentration
of measure

For T OH N s ate that only depend on K

still erst worst case analysis

Can I do better

Global convergence of the PDE

When does fin RCee if Rle
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Free energy strictly decreasing along PDE path
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Chizek Bach 2018

Morse Sard typecondition

good initialization E
ex is a global

kill optimizer

Wojtowytsch 20203

extends these results

Nguyen Pham 2020

replace Morse Sard type condition by a topology
argument

Rates of convergence of the PDE tominimizer

E
g ni noisy SGD

Important to transfer results to practicalsettings



Javanmard Mondelli Montanari 2019

Gai cul Khoi
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with compact support

Target function f a strongly concave smooth

Then R e is displacement cower
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Representation vs Optimization

Representation InEY aide wi flu

Optimization f Cri et flu
Is it easier to optimize for some chess of functions
E
g
thatare easier to represent
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Multilayer NNs

Several attempts

Araujo Oliveira Yukimura 2019

Nguyen Pham 2020 neuronal embedding

degeneracy of the middle layers that collapse into
one neuron

basically can factorize distribution weights

et a cot o eta o ox etc

Fang Lee Yang Zhang 2020

attempt to overcome degeneracy using
new representation neural featureflow

NT k us mean field limit

Mightbe of general interest

Can we compare mean field and N T K solutions
Can we study the transition between the two
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NTR appears at beginning ofdynamics

Chizek Bach 20203

MF find F more margin solution
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timing it
Con minite speakers


