DATA 442:
Neural Networks &
Deep Learning

Dan RU nf()la — danr@wm.edu
Icss.wm.edu/datad442/



Summary Total Loss=

fiﬁ{(g:@-,yi)} N 30 Lossq(f(ai, W), y:) +AR(W)

def predict(image, W):
return(\WW*image)

:
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Summary Total Loss=
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def pred|Ct(|mage W)

return(\W*image)
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Optimization
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Awesome example from https://brohrer.github.io/how_optimization_works 1.html
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Gradient Descent

df () flx+h)— flz)

= lim

dx h—0 h




Suffering (0-3)

Temperature



f(40 4 5) — f(40)

af(x) _ .
dx h—0

Suffering (0-3)

Temperature



(@) . fla+h) - f(@)
dx h—0 h

In practice we don’t just have one variable (temperature).
Instead, we have hundreds, thousands, or millions of
Weights parameters (W). You can imagine calculating a
function similar to the one above for each one of those
weights parameters, and getting a resultant vector in
which you have one slope for every parameter W. This
vector is called the gradient, and the slopes for each W
are the partial derivatives.



W= [0.34,-1.11,0.78,0.12 ... 0.3, 0.77]

Total Loss:
1.25347

Gradient
dW- [? 2 2 2 2 ? ]
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W= [0.34,-1.11, 0.78, 0.12 ... 0.3, 0.77] Total Loss:

1.25347
h=.0001 l

W-+h: [0.34 + 0.0001, -1.11, 0.78, 0.12 ... 0.3, 0.77]

Gradient
dW:- [? ? ? ? ...7° ? ]




W= [0.34,-1.11, 0.78, 0.12 ... 0.3, 0.77] Total Loss:

1.25347
h=.0001 l
W+h: [0.34 + 0.0001, -1.11, 0.78, 0.12 ... 0.3, 0.77]
Total Loss:
1.25322
Gradient

dW: 2, 2, 2, 2?2 ..? 2]



W= [0.34,-1.11, 0.78, 0.12 ... 0.3, 0.77] Total Loss:

1.25347

W-+h: [0.34 + 0.0001, -1.11, 0.78, 0.12 ... 0.3, 0.77]

Total L :
$@) ) - f@ e
— 111711
dx h—s0 h
(1.25322 -1.25347) / .0001 = -2.5

Gradient /

dW: 25, 2, 2, 2?2 .2, ?]




W= [0.34,-1.11, 0.78, 0.12 ... 0.3, 0.77] Total Loss:

1.25347

W-+h: [0.34, -1.11+.0001, 0.78, 0.12 ... 0.3, 0.77]

Total L .
#@) . fa+h) = @ Yo
— 1111
dx h—0 h
(1.25353 -1.25347) / .0001 =0.6

Gradient /

dW: 25, 06, 2, 2?2 ..2 2]




W= [0.34,-1.11,0.78,0.12 ... 0.3, 0.77]

W-+h: [0.34, -1.11+.0001, 0.78, 0.12 ... 0.3, 0.77]

Gradient
dW:- [-2.5, 0.6, 4.3, 0.5 ...0, 0.3]




Analytic Gradient
W = [0.34, -1.11, 0.78, 0.12 ... 0.3, 0.77]

dw = f(X, W)
VX, W)=].]

Gradient
dW: [-2.5, 0.6, 4.3, 0.5 ...0, 0.3]




Gradient Descent in Code

maxIterations = 1000
count = 0

le count < maxIterations:

count = count + 1
W gradient dW = calculateGradient(lossFunction, X, W)

W=W+ -1 * (stepSize * W gradient dw)






http://www.youtube.com/watch?v=IH9kqpMORLM

Batch Sizes & Stochastic Gradient Descent

maxIterations = 1000
count =

while count < maxIterations:

count = count + 1

W gradient dwW = calculateGradient(lossFunction, X, W)
W=W+ -1 * (stepSize * W gradient dw)

Can be VERY slow for large training datasets.
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Batch Sizes & Stochastic Gradient Descent

while count < maxIterations:

count = count + 1

X sample = X.sample(n=256)
W gradient dW = calculateGradient(lossFunction, X sample, W)

W=W+ -1 * (stepSize * W gradient dw)




Recap

What is optimization?
How does it interrelate with the loss function?

How can we solve for W using random guessing or an
exhaustive search?

What is gradient descent and stochastic gradient descent, and
how does SGD interrelate with batch size?
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