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1. function with unknown parameters

y = fo(x)

2. define loss from training data
L(0)
3. optimization

0" = arg mingL

GrAnfig DB i 2 P o)
e Training loss Large
o model bias
o optimization
» R RIIBI T #E loss 22K
w IR
¢ Training loss small
o testing loss large
= overfitting
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BRI S an T i ?

Bias-Complexity Trade-off

A
loss

Testing loss

select this one

Training loss

— ]

—
Model becomes complex
(e.g. more features, more parameters)

Split your training data into training set and validation set for model selection

yilllk critical point 4kz: Rf%! -- f{k optimization

JREhi/IME (local minima) 5#%51 (saddle point)
FRE (gradient) 5 0 8L, FRA critical point

fR% critical point #)2 saddle point, F&fITWJLAERIRE, 4k8: FF%!
Jiik—: Batch
B —HEEHE 7 AT TLAS batch, 2838 — batch BEE—IX gradient, E#Hi—iXS%L,

1 epoch = see all the batches once
shuffle: —/> epoch [G¥TELEIEINF, FHHEATH—4%E train

Small Batch v.s. Large Batch:

e Small Batch 7E training LRI LT FHA S Ak saddle point, A5 EIAHFEH" local
minima, M testing &5 MM HELF

e Small Batch &8 —4> epoch #1g
7 —: Momentum

IVRRRE RRER, F B ATEL RIS RIS II")
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Gradient Descent + Momentum

loss Movement =
A Negative of dL/0w + Last Movement

——p Negative of dL / ow
-===p Last Movement

—p Real Movement

:lllll> «g"'»

dL/dw =0
Hah# 73 i#% (Learning Rate)

MY BYFHIIRE critical point, TEREISRIMT EM A, EFRIHTENR R, NENSEEHILESE
%O

Training stuck # Small Gradient
Adam: RMSProp + Momentum

RMSProp: X & M2E, HXANFEBIME, ERAARESIERSE, Bl DEEEN T IR Z /i
PRI EE,

M:

it «— 0! — ng!

n
0 6, — ;gf

7

ot = ool )2 + (1 - a)(g)?
a J& hyper parameter

Adam:

ot gt — Loyt

mlf: Momentum: weighted sum of the previous gradients.
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Learning Rate Scheduling

Learning Rate BE#&INE (YIZRINFED B, A LANMR 777!

. - t
Learning Rate Scheduling ot gt _ I
i i t9i
i
A
n* Learning Rate Decay

After the training goes, we are
close to the destination, so we
»t reduce the learning rate.

Warm Up

Increase and then decrease?

At the beginning, the estimate
¢  of g haslarge variance.

4 KBRS 1 - Loss Function WXIIZRA B2
Syt

e HH one-hot vector FRAEIZRA
[1, o, 9]

[0, 1, @]
(e, o, 1]

y_ 1
y_1
y_1

e i soft-max ¥ FamEIH— M — MR MAE, BEMMERZMN1
e Loss Function ] cross-entropy (%2 X4#) TiA~H MSE

e=-> gilny;
7

Minimizing cross-entropy == maximizing likelihood

B Frl1S: 2%2%F Loss Function % optimization & B2,
p
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Normalization

R h feature MIZER AR, AIREEY loss function PRIELRY error surface AJd TIRIK, AT
optimization
FAIAE feature [TEREIAERXT 22 FH0)N:

Feature Normalization

Feature Normalization

ol xR
X A2 Fgr eac_h .
X 22 _ dimension i:
ol e ceeree | | mean:my
i standard

< < o | deviation: g;

. X;{ —m; The means of all dims are 0,

xX; « —— :

: o; and the variances are all 1

In general, feature normalization makes gradient descent
converge faster. .

Batch normalization

£ deep learning 1, REFRI AR feature ITERZIL T normalization, {HZM{141T activation
function JEEUE ORI TR, WMTH— BRI, M2 25 feature, B ATRA T BT
normalization
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Batch normalization

i
o
g

uand o . ‘ '
depends on z!

7 S2H batch normalization, FATFEZELL feature I1FFTH#/T (— batch —ZiZH)

Testing /E270?
We do not always have batch at testing stage.

Z = h
W1 — K g > > ssssss
U, o are from batch?

We do not always have batch at testing stage.

Computing the moving average of u and o of the batches
during training.

o<—pu+ (1 —-put

F* T batch normalization, &A% &FEH normalization... ...
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