
A structural Learning Recap.
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Can we design an algorithm that is efficient & works well

in Practice ?

Binary random variables # = 90, 13
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- Review of logistic regression R
· weare filledexamples of features I"=(Z ...)

=[1
,

. .

,N3
Data = (2", ) 3- label -4 50,13

· suppose a parametric model with WEIR↳

P(y= z1z)= W
PLY= 0(z)=

1

-C 3

I· Maximum Likelihood

ly-likelihood 2 (SIE***)3 ,WARY= E or Parties

= I
, [Y4Pr(Y=1124)) + (1--4) - Pw(Y= 01=)}

= 5y4). (2Wx- ) - lg(1+ exp(,WiZ)3
-

reility/objective over hi

- this is a concave maximization .
over WAR

use fradient ascent to solve efficiently



* Logistic Regression for neighborhood selection
structural learning . Registic regression
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Theorem [Klivans ,
Maka 2017]
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learn structure exactly.
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* This principle can be used for more general graphical models.

Gaussian Graphical Models .
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& Apply Maximum Likelihood principle to get x fromx2
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* Graphical Lasso .

Motivation:
- Get 5 directly , without separated

Step 1. Compute the empirial Grariance matrix

Sij= x,
Step2 , maximize likelihood over information Matrix 5HR
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Others
: linear regression
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semirdefinite program .


