Day 16 - Gradient Descent and Stochastic Gradient Descent
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GD (for a quadratic function) converges if the step size is small enough

Step size should scale like 1 / curvature .... Where curvature is the second derivative
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If you try to generate a minibatch by selectinga random subset of B data
points uniformly, what practical challenges arise?

Issue is disk access

Idea: store the data randomly so you can draw a minibatch sequentially

What considerations would affect the minibatch size you should use?

Your GPU has finite RAM, so choose a minibatch that maxes out your RAM



T¥ ‘L’Ae rnfn;baédx "S GLaSér\ fana’om/j,

On avérese, the gredient of & minibete
s bthe S gradiord

= 560&%55( yfaalf'énﬁ descent

é{w&[’\ asbic  Gradienk Descent:

Wt o sdve  min >(X)
X

Tnsbead oF Aawﬂ? access bo V;(X)/

suppose only have G(x) w E[6w)]= VHX)
1

Write S6D a5 Sbeckestic esbimte o f
] G (
X(m = Xk)-osz(Xk))

— Oh &Wérajg/ move ih Oll'fecéfan of
Steepest descent

— tmay rmove Sorther From mininmizer



5;""}0)6/ VVlOalC’Ig additive noise
G(X): VS‘(X)"’W/ \/\/f\/]/(glo—"_l—-_)

Use m ML min batches

S CIE nl% /Q(ge(XJ),ya)

/\ (44 ah/o'm
ceor i S G50 %) T
Qva'i&a[;;'vdj/

Wwith Sixed Sé’ép Size X, X(u will

move close to X* byt will bovnce
avovond e (o Stochasbicity

TS mal]
oen | KRN | —
103 |
109+ bouncc'j
O-faunol
minimi zévy
0 20000 40000

k (itecation numbef)



= Sost nitial ConvErgencé

lage
/QU’”jQ Error

Small ox = Slow inibial  convergence
Smaller E€rror

Can Slof M“/"Zé {7/\656 010560’\/545{045 w/ Haggr]

HOW bo &)"0056 55&10 SiZG/S//(éﬁfmﬁj rates ¥
Run ab o Hage valie for ac while

5 Aﬁ’l h Xéafnlﬂj rabe
Rép&m’:

{ Have Séhédlu’é ot C7<2 OIC/Cayﬁj i

Tn these cases <an kape Sor convegence



C[/\ﬁ/’énqé/s w/ GD auw 56D in Dc,ép Lga/m;y
U

Non convexity and non Smoobhness

(a) without skip connections (b) with skip connections

Figure 1: The loss surfaces of ResNet-56 with/without skip connections. The proposed filter
normalization scheme is used to enable comparisons of sharpness/flatness between the two figures.
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