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» Skim the reading for the
lecture you are presenting
( |O -I-e r in Se m es-l-e r) . The recent success of Al has been in large part due in part to advenees in

hardware and software systems. These systems have enabled training

> |S '|'h ered beﬂ'er p a per2 increasingly complex models on ever larger datasets. In the process, these
systems have also simplified model development, enabling the rapid growth
in the machine learning community. These new hardware and software

Course Description

systems include a new generation of GPUs and hardware accelerators (e.g.,
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Last Time

Machine Learning = Function Approximation
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Architectures for

Convolutional Networks

spatial reasoning tasks

The quick brown fox...

Different kinds of Inpufts

Recurrent Networks

Sequential reasoning tasks
El gato en el sombrero

L &4

3388

The cat in the hat.

. o—

Reinforcement
Learning

“iQSpeech
il recognition




Architectures tor Different kinds of inputs
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Last Time

Supervised Machine Learning

» Given data containing the function inputs and outputs

Data Model Godal m
SR S 9* = argminEp (L (fo(x),y)

Y1 cat 0
Parameters Over all future data

Y2 baby

Training (approximates the goal over training data):




Learning without Labels

Data » Can we learn what inputs look like?

» Useful inductive bias when training for a
later supervised task.

» Often done when labeled data is
available but limited

» Convert to a supervised learning
problem:

i & f(r) - z Encoder
g(z) - Decoder



» Convert to a supervised learning
problem:

f(r) - z Encoder
g(z) - Decoder
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» Convert to a supervised learning

Data

problem:
1 n
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Xor Perceptrons



Perceptron Not Gate

Perceptron

w1<;>+
R €T Y ]
] ]

b=20
y = sign (wx + b)




And Gate Perceptron

_P T 201 - 1 Perceptron

-1 1 Y 1

1 -1 Y -1

1 1 T2~ W~ 1
b= —1

sign (r1wy + z2wse +b) =y



Or Gate Perceptron
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XOr Gate Perceptron
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sign (z1wy + x2we +b) =y

No separating hyperplane



Using one hidden layer




