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MACHINE LEARNING:

LEARNING FROM DATA
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LOGISTIC REGRESSION
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Application 1: How can experimental observables constrain
theoretical models?
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MIXTURE DENSITY NETWORK
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AUTOENCODER: DIMENSIONALITY REDUCTION
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RECTIFIED LINEAR UNIT (RelLU)
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MAX POOLING

max pool with 2x2 filters
and stride 2
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Application 2: Can we use machine learning to simulate data”



GENERATIVE MODELS

SIMULATION, EVENT GENERATION
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GENERATIVE ADVERSARIAL
NETWORKS (GANS)

SIMULATION, EVENT GENERATION



Generated Images

GENERATOR

maximize D(G (Z)) Update Generator

DISCRIMINATOR

Real and Fake Images minimize D(G(z))

PHOTOS FROM KATRINA S; ANDREW B ET. AL., BIGGAN.
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