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Let us consider an example network
output

We will use this example network
as to introduce the general

principle of how to make
predictions with a neural network.
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Let us consider an example network
output

Naming Convention for Weights

target—layer
from,to

From neuron #0
to neuron #1 in
output layer W55
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How to predict: The forward pass

Given an input x, how is the output predicted
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_ h h h
z1 = o(Wpp + wiiXg + wyiXy)
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_ h h h
Zy = 0(Wop + WXy + wyyXxy)
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The forward pass

Given an input x, how is the output predicted

output

output y = wg; + w1 z1 + w32,
_ h h h
z; = 0(Woz + WipX1 + WppX3)

_ h h h
z1 = o(Wpp + wiiXg + wyiXy)
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Given an input x, how is the output predicted

In general, before visiting (i.e. computing) the value
of a node, visit all nodes that serve as inputs to it.
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The forward pass
output

Given an input x, how is the output predicted

In general, before visiting (i.e. computing) the value
of a node, visit all nodes that serve as inputs to it.

Questions?
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A notational convenience

Commonly nodes in the networks represent not only single numbers (e.g.
features, outputs) but also entire vectors (an array of numbers), matrices (a 2d array
of numbers) Oor tensors (an n-dimensional array of numbers).

output
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A notational convenience
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@ Represents [xg, X1, X5 ]
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h h h
. [W01 Wi1 W21]
- h h h
Woa Wiz Wy
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A notational convenience

Commonly nodes in the networks represent not only single numbers (e.g.
features, outputs) but also entire vectors (an array of numbers), matrices (a 2d array
of numbers) Oor tensors (an n-dimensional array of numbers).

output

z = o(W"hx)

Each element of z is z;,
and is generated by the
sigmoid activation to
each element of W'x.
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A notational convenience

Commonly nodes in the networks represent not only single numbers (e.g.
features, outputs) but also entire vectors (an array of numbers), matrices (a 2d array
of numbers) Oor tensors (an n-dimensional array of numbers).
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z = o(W"hx)
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A notational convenience

Commonly nodes in the networks represent not only single numbers (e.g.
features, outputs) but also entire vectors (an array of numbers), matrices (a 2d array
of numbers) Oor tensors (an n-dimensional array of numbers).

output

y = w°z
No activation because the
output is defined to be linear

z = o(W"hx)
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Side note: Why tensors?

The notational convenience allows us to:

1. Build complicated neural network architectures
without the cognitive load

2. Write code that operates on vectors, matrices,
tensors directly

3. Design and use accelerators for matrix algebra (e.g.
GPUs)
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