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Neural Networks
Volume 4, Issue 2, 1991, Pages 251-257

Approximation capabilities of multilayer
feedforward networks

Kurt Hornik &
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Abstract

We show that standard multilayer feedforward networks with as few as a single
hidden layer and arbitrary bounded and nonconstant activation function are
universal approximators with respect to LP(u) performance criteria, for arbitrary
finite input environment measures p, provided only that sufficiently many hidden
units are available. If the activation function is continuous, bounded and
nonconstant, then continuous mappings can be learned uniformly over compact
input sets. We also give very general conditions ensuring that networks with
sufficiently smooth activation functions are capable of arbitrarily accurate
approximation to a function and its derivatives.
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AUTOMATIC DIFFERENTIATION

1F TensorFlow
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MACHINE LEARNING:

LEARNING FROM DATA
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Application 1: How can experimental observables constrain
theoretical models?
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FAST MAPPING TO THEORETICAL PARAMETERS

Bayesian Neural Networks

Training — Bayesian inference

Can we make predictions with
accurate error estimates?

oMSSM parameters — total
SUSY cross section
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CONVOLUTIONAL NEURAL NETWORKS
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CONVOLUTIONAL NEURAL NETWORKS
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MAX POOLING

max pool with 2x2 filters
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GoogleNet network with all the bells and whistles”
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Application 2: Can we use machine learning to accurately
classity events in detectors?

Metrics
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Application 2: Can we use machine learning to accurately
classity events in detectors?
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MACHINE LEARNING
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CONVOLUTIONAL NEURAL NETWORKS
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CLUSTERING — KMEANS
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GENERATIVE MODELS
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GENERATIVE MODELS
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Application 3: Can we use machine learning to simulate data”
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Pythia 8
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Conditional Distributions
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