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What’s M.L.
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What’s M.L.

M.L.,D.L.S.L.
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What’s M.L.

S.L.,D.M.

« S.L.

GiteEs], ETHYE M ENER gAY s AR G E et
AT TIN5 43 #r

- D.M.

Bz ds, MK ERNEHE @ FEE R R T AR
e, EEFEEMH ML W, EfEAFEEHRENE

Bl

PNy




What’s M.L.

Forget things before
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What’s M.L.

Classifications
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M.L. Theory

Problem Definition
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M.L. Theory

Still boring,try something practical
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M.L. Theory

Methods
M.L=FE%FR
1
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M.L. Theory

ERM,SRM,Goal
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Therefore,we’d like to keep an eye on the regularization




M.L. Theory

Rules of choosing model
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M.L. Theory

Rules of choosing model

Cross Validation
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Some M.L. algorithms

Bayesian Framework
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Some M.L. algorithms

Bayesian Framework
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Some M.L.algorithms

Linearity Regression

S A K X, o EoE Y, KA 6

fo(X) = 07X )
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N
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Some M.L.algorithms

Linear Regression
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Some M.L.algorithms

Others:Many!!

« IS (kernel tricks) PLRZAHIGII LR EHNL (SVMD . 1
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* and so on and so forth
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Why talking about this?

It’s not nonsense

May | could say the Theory of D.A. comes from control
theory,using PDE,ODE to make a perfect description of the
natural phenomena,although it’s impossible.

The natural phenomena is too complicated to describe , we
need to simplify it again and again.Afterwards,we get our model,
within plenty of biases,errors.

M.L. focuses on the general model.You just need to spend
more time on the mapping between the input data and output da
without much consideration about the physics,biology etc.And it d

works.




Why talking about this?

It’s not nonsense

Then why didn’t us try to keep an eye on the more general
model without considering many physics process?

In fact, we are doing it. The statistics in D.A. supports me. If
you look at Particle Filter,Hierarchical Bayesian network, you will find
more.

We are combining D.A.and M.L..

But we need to be better.
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Mathematical Basis

you may need to learn

Probability Theory

° SLAIISIES o / Frequentist Statistics
[ \ Bayesian Statistics

@ OPTIMIZATION

M.L | @ LINEAR ALGEBRA

/ @ FUNCTIONAL ANALYSIS

INFORMATION THEORY

___________________

D.L. Hi_©zoe. ooE i




Outline

The relationship of M.L.& D.A.

Methods




Methods

Let’s go back firstly
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According to the figure above, I'd like to make some extension



Methods

D.A. Framework,from the perspective of M.L.

D.A. ALGORITHM
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Methods

change the perspective

from ZRIR7E, 7H RIS 2 A page43
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Methods

Tikhonov regularization

from John M. Lewis Dynamic D.A. page |15

an unified model which solve both the under-determined and
over-determined problems

fl) = 3 llGz = | + 2" ©

What if changing the norm to ¢y, {1 norm, will it make sense?
AK.A. Will the £y, £1 norm,which is popularly used in M.L,help us

get a more general model in D.A. 77




Outline

Some issues




Some issues

Some problems in D.A.

Problems in D.A.
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Some issues

Just for an example

You may get some inspirations from M.L.

« TFHE K < B#4E: kernel trick, sparse matrix reconstruction
« BAIRE < DL ZEATDSHAL 527 LSTM R4
Ep527]

o MR ZE RS < DM R BIE. SR Al
etc.

o ML CEBRAANED < BRI LA &
GPR? LSTM?

o THRME (a.ka. ZALTERE) < IENAL: norm selection




Some issues

You may be interested in

Data need huge storage space.

Hadoop and Spark works well in the D.M. of big data

© Hadoop: Apache (Ui H, A RGZEHN, T, Tik
HDFS. HBase. map/reduce % T 1 H .

* HDFS ST KRB (¥ 73 A XU A7 i -

* HBase A~ T Mysql. SQLSERVER. Oracle 2% 2 U
/& No-sql 2#i e . KB R R . % I no-sql %L
¥& 18 mongoDB.

* map/reduce AL AT IHHEAELL, M TAEWIHE . map B4
KNG HOA/MEN,  reduce 245 /IMENV )i Hh 25 SR AH 2N
RAGER,
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Some issues
You may be interested in

© Spark: Apache i H, H UC Berkeley AMP lab JT &[]

map/reduce i IFATHESE, JTE.

M.L AIATAESE 2 —, THEOEZEAR T map/reduce.
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@ Ray: [ UC Berkeley RISE Lab Jf&, MfEfKH. BrEikE
T Python [ M.L. #1 D.L. TAEFEREW L H0AT, FERA R
LU BRSO (MPD IPEREMANKIZ . #5 Michael
IJordan i, Ray PERESL T Spark, FHHU{R Spark.

B.TW. Michael lJordan %5 /54H4F AMP. RISE [,
Spark fll Ray ATt S . WFSLI7 A GE 2 5)
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Summary

Outline again

relationship

Algorithm:
@ Bayesian network
@ linear regression

May be useful:

@ dimension reduce and sparse matrix reconstruction: kernel
tricks,PCA

@ computation efficiency: D.L.,Ray

© storage space: HDFS




Summary

The combination of D.A.& M.L. is unaVOida.bIe
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