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Tayler Series Approximation

L(0) around @ = 8’ can be approximated below

L(0) ~ L(6") +[(9 - 9’)Tg]+E (0 —0)TH(O — 9’)J

Gradient g is a vector

o auen

Hessian H is a matrix
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Hessian

L(0) around @ = 0’ can be approximated below

L(0) ~ L(6") +M+& (0 — 6)TH (O — 9')]

At critical point/'

telling the properties of critical points

local min local max saddle point
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For all v
vIHv >0 wmp Around @': L(€) > L(6') mmp Local minima
= H is positive definite = All eigen values are positive. t
For all v

vTHy <0 wmp Around 8': L(6) < L(0') mmp Local maxima

= H is negative definite = All eigen values are negative.t

Sometimes v Hv > 0, sometimes v Hv < 0 mmp Saddle point

Some eigen values are positive, and some are negative. t
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Don’t afraid of saddle point?
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At critical point:  L(0) ~ L(0") +E CEDEICE 9,)]

Sometimes v" Hv > 0, sometimes v" Hv < 0 W Saddle point
H may tell us parameter update direction!

U is an eigen vector of H

A is the eigen value of u
A<0

mmmp v’ Hu = u' (Au) = jul|?
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L(B) ~ L(8") +%(9 - 0)TH(6 : o) mp L(0) <L(O")

0—-0"=u 0 =60"+u Decrease L
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Ay, = —2 Has eigenvector u = [ﬂ
Update the parameter along the direction of u

You can escape the saddle point and decrease the loss.
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(1) Batch
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o /]\Batch size: 34HZIRIRFT -> FERT/MEREFSNA
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(2) Momentum
— BRI 077 =0 — g
FERERENRAEBE, EIMABI—EMMomentum:

mi+1 — )\mz _ ngz



ei—i-l — 01 + mi+1
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Gradient Descent + Momentum

loss Movement =
Negative of dL/dw + Last Movement

- Negative of dL / dw
«==«p Last Movement

—p Real Movement

(3) %

lossZ/\ 1= gradientZ/\, FEXMEMELGRKEE, —EREIRER



HAZBRINZZIXERIBNR, one-size-fits-allIIFIREREEHRER -> FEML (HIE: BERYRHR/
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smaller Jf

larger step

e RMSPropHr, af = \/Oz(o'f_l)Z + (1 - O‘)(Qﬁ)z



RMSProp 9i gi - 91

0<ax<l1l
1 7 _ 2
0'*1 g ‘ gi  of = J“(Gi“l) +(1-a)(gi)

The recent gradient has larger influence,
and the past gradients have less influence.
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e Adam3FARMSProp+Momentum



Without Adaptive Learning Rate
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(1) Learning Rate Decay: ZFihZ/)\
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Learning Rate Scheduling ’,ﬂ
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n Learning Rate Decay

After the training goes, we are
close to the destination, so we
—p U reduce the learning rate.

¢ Warm Up

Increase and then decrease?

At the beginning, the estimate
¢ of o} has large variance.
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» Learning rate scheduling
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O-i. previous gradients Consider
direction
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root mean square of the gradients

only magnitude
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