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Overview

» Convolutional networks
o Motivation and basics
o Properties
o Pooling

= Tree convolution for program

classification
Based on "Convolutional Neural Networks over Tree

Structures for Programming Language Processing” by
Mou et al., 2016



Historical Motivation: Neuroscience

Receptive fields of cats and monkeys

m Some neurons in visual cortex individually
respond to small regions of the visual field
= Two visual cell types

0 Simple cells: Respond to straight edges with
particular orientations

0 Complex cells: Sensitive to larger receptive
field but insensitive to exact location of edges

Inspired work on neural network-based
image recognition
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Convolutional Networks

m Feedforward neural network architecture

m Connectivity pattern exploits hierarchical
structure of input data

m Not a fully connected network

m Convolution function: Mathematical
approximation of stimuli within receptive field

m Applications:

o Image and video recognition
o Natural language processing
o Classification of programs
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Properties

Three properties that help improve
learning:

m Sparse interactions
m Parameter sharing
m Equivariant representations
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Pooling

m Form of downsampling

m Replaces output at certain location with summary
of nearby outputs

m Intuition: Exact location of a "feature” is less
important than its presence and its location w.r.t.
other features
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