Stochastic Gradient Descent



Reca p: Data - _ Pin Primrose

Inputs: x;
Labels: y;

Dataset: D = {(x1,¥1), ..., (Xn,¥nN)}

1. Maria-Elena Nilsback and Andrew Zisserman, 102 Category Flower Dataset (=] 2/14


https://www.robots.ox.ac.uk/~vgg/data/flowers/102/

Recap: Model

Deep network
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fo: R" = RC
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= |ayers of computation
= parameters 6

= differentiable computation graph
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Recap: Loss

Loss function:

l(e‘xi’yi)

Expected loss:

L(H‘D) — IE‘Z(x,y)ND [l(0’x7 Y)]
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Linear
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Recap: Training

Find S Dataset

0" = arg min L(0|D)
0 & Model

= Deep network fy : R* — R®
= Dataset D = {(x1,¥1),---, (XN, ¥YN)}
= Expected loss L(6|D) = Exy)~p[l(0]x,y)]

7* Optimizer
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Recap: Gradient Descent

Pseudocode
Update rule:

6 ~ Init
0/ — 6 — € [VQL(G)]T for iteration in range(n):
J = VL(8)
06 =6 -€*J3.mT
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Gradient Descent Issues

Slow to compute gradient (in deep networks)

more parameters

more data

AL(6|D)

06

= Exy)~p [

0l(6]x,y)

00

|

Pseudocode

6 ~ Init
for epoch in range(n):
J = s0O

for (x, y) in dataset:

J += V1(8[x,y)
06 =06 -€ * J.mT
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Stochastic Gradient Descent

i - Pseudocode
Vanilla gradient descent uses the expected loss:
6 ~ Init
IE:"(x y)ND [l(0|x, y)] for epoch in range(n):

for (x, y) in dataset:

J = VL(6[x,y)
6 =06 -€ * J.mT

What if we computed gradients with the partial loss?

1(0]z,y)
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Gradient Descent vs. Stochastic Gradient Descent

Gradient Descent

0 ~ Init
for epoch in range(n):
J = s0
for (x, y) in dataset:
J += V1(9]|x,y)
0 =0 -€ *J3.mT

Convergence guarantees

Smooth loss

Stochastic Gradient Descent

0 ~ Init
for epoch in range(n):
for (x, y) in dataset:
J = VLl(0|x,y)
06 =0 -¢€ " J3.mT

= Faster convergence empirically

= More chaotic convergence

9/14



Learning Curves

Gradient Descent Stochastic Gradient Descent
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Learning Curves Comparison

Why does the learning curve fluctuate?

= Loss at each step is evaluated on a single

example

= Gradient might be wrong

Pseudocode: Stochastic Gradient Descent

6 ~ Init
for epoch in range(n):

for
J)
0

(x, y) in dataset:
= V1(8[x,y)
=0 - € *J.mT

Loss
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A 1D Example of Optimization

Gradient Descent Stochastic Gradient Descent
4 4 1
2 2
0 0
-4 -2 0 2 4 :4 -2 0 2 4
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How Fast Does SGD Converge?

Case 1: %l(9|$i,yi) ~ %l(é’leayj)

= SGD is equivalent to GD

m  Faster

Case 2 (reality): %l(e\l’i,%‘) #* %l(m%’,yj)

= Convergences speed depends on variance of

SGD.:

Exy-p [(31(0& y) 8L(9|p))2

00 00

= Fyyp [(WY] B <8Lé%p)>2

1. Léon Bottou, Stochastic Gradient Descent Tricks. in Neural Networks, Tricks of the Trade, Reloaded [Z]
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https://www.microsoft.com/en-us/research/wp-content/uploads/2012/01/tricks-2012.pdf

Stochastic Gradient Descent - TL;DR

We use stochastic gradient descent (SGD) to optimize deep networks

SGD runs more efficiently but has higher variance than GD
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