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while
weights grad = evaluate gradient(loss fun, data, weights)
weights += - step size * weights grad



Stochastic Gradient Descent (SGD)
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while 1
data batch = sample training data(data, 256) # sample 256 exampl
weights grad = evaluate gradient(loss fun, data batch, weights)
weights += - step size * weights grad #



Training Loss
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"Teddy bears working on new Al research on “Rabbits attending a college seminar on "A wise cat meditating in the Himalayas

the moon in the 1980s.” human anatomy.” searching for enlightenment.”

Image source: Sam Altman, https://openai.com/dall-e-2/, https://twitter.com/sama/status/ 15117242646 29678084
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GPT-4

User What is unusual about this image? User  Can you explain this meme?
Sometimes | just look at pictures of
the earth from space and | marvel at
how beautiful it all is.

GPT-4  This meme is a joke that combines two unrelated things: pictures of the earth from
space and chicken nuggets.
The text of the meme suggests that the image below Is a beautiful picture of the earth
from space. However, the image is actually of chicken nuggets arranged to vaguely
resemble a map of the world.
The humor in this meme comes from the unexpected juxtaposition of the text and the
image. The text sets up an expectation of a majestic image of the earth, but the image is
actually something mundane and silly.

Seusce Bamorama

GPT-4  The unusual thing about this image is that a man is ironing clothes on an ironing board
attached to the roof of a moving taxi.
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change the video setting to be different than
a mountain? perhaps joshua tree

put the video in space with a rainbow road
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o ZRMREE f(x; W) = Wx
© FERIEHZEMIZS
f =W, max(0, W;x)
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L 2

o ZRMREE f(x; W) = Wx
© FERIHEZ LS
f = W, max(0, W;x)
. =B
f = W3 max(0, W, max(0, W;x))

PIEFEMLS (fully connected network)

ZERKIHL (multi layer perceptrons)
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o ZRMREE f(x; W) = Wx
© FERIEHZEMIZS
f =W, max(0, W;x)
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© MEEEL f (o W) = Wx
© FERIHEZ LS
f = W, max(0, W;x)
- iaEAER: max(0, W;x)
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output layer
input layer
hidden layer

“2-layer Neural Net”,\
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“3-layer Neural Net”, or
“2-hidden-layer Neural Net”



feed-forward
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# Torward-pass of a 3-layer neural network:

f = lambda x: 1.0/(1.0 + np.exp(-x)) # activation function (use sigmoid)

X = np.random.randn(3, 1) # random input vector of three numbers (3x1)

hl = f(np.dot(Wl, x) + bl) # calculate first hidden layer activations (4x1)
h2 = f(np.dot(W2, hl) + b2) # calculate second hidden layer activations (4x1)
out = np.dot(W3, h2) + b3 # output neuron (Ix1)
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import numpy as np
from numpy.random import randn

N, D_in, H, D_out = 64, 1000, 100, 10
X, y = randn(N, D_in), randn(N, D_out)
wl, w2 = randn(D_in, H), randn(H, D_out)

for t in range(2000):
h=1/ (1 + np.exp(-x.dot(wl)))
y_pred = h.dot(w2)
loss = np.square(y_pred - y).sum()
print(t, loss)

grad_y_pred = 2.8 = (y_pred - y)
grad_w2 = h.T.dot(grad_y_pred)

grad_h = grad_y_pred.dot(w2.T)

grad_wl = x.T.dot(grad_h * h = (1 - h))

wl -= le-4 * grad_wl
w2 -= le-4 % grad_w2
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3 hidden neurons 6 hidden neurons 20 hidden neurons

more neurons = more capacity



(Web demo with ConvNetJS: 1 N
http://cs.stanford.edu/peop|e/karpathy/convnet]s/demo/classifyZd.html) L(W) = N Z Li (.f(mi, W), yz) I AR(W)
TensorFlow Play Ground: https://playground.tensorflow.org/ i=1
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utput layer
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SR MZE (AlexNet)

input image

weights

loss




Neural Turing Machine




Backpropagation
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Backpropagation

f(z,y,2) = (z +y)z '




Backpropagation

f(z,y,2) = (z +y)z

eg.x=-2,y=52z=-4

q 3




Backpropagation
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f(@,y,2) = (z +y)z y 5

eg.x = =2,y =5z = -4




Backpropagation
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f(@,y,2) = (z +y)z y 5

eg.x = =2,y =5z = -4
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Backpropagation

f(z,y,2) = (z +y)z
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Backpropagation
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Backpropagation

f(z,y,2) = (z +y)z
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Backpropagation
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Backpropagation
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Backpropagation
f(iL’,y,Z) = (33 +y)z
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