Structured Probabilistic Models for Deep
Learning
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16.1 The Challenge of Unstructured Modeling
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e Density Estimation: x input0il CH$} true density p(x)E T35t 0AF &
e Denoising: Damaged & O CiSH M &= “J=ot x& return $HCL.

e Missing value imputations

e Sampling: &E& % p(z)E HLEIH F Sampleg F&
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e Memory:

e Statistical Efficiency:

e Runtime: the cost of inference
e Runtim: the cost of sampling
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16.2 Using Graphs to Describe Model Structure
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e Model Based on Directed Acyclic Graphs
e Model Based on Undirected Graphs

Directed Models (Belief Network / Bayesian Network)

Alice Bob Carol

Alice, Bob, Carol| A FE 0|2 ST ¢, 0f 2t ¢, off ekS OJECt

a0 M b= St HS ARACHE A2 b2 =& FE S a0 tiet =R &&= 5= KO|H, b7t

a0fl dependent!

Directed Graphic Model%| A z+= directed acyclic graph G 0| A ZF H=2| ParentE HE 3 SHCL,
(@i || Pag (2:))

p(to,t1,t2) = p(to)p(t1[te)p(t2|t1)

2% O Structured?t Unstructureddi| H|sl| 2= 2™ 2 £ A7

Al

™N

tZ 0~1022 62X chunkZ LIEILHH 100712 variableZ Z+=Ct.

a

o

ZEEE p(to, t1,t0)0ll CHSEO! 100 x 100 x 1002 F2 2 LIEFE == Q=0|...
Zt tg, t1, ta= finishing timeO| O, ZfXt # A|Z+O| OfL|C}, [t2tA Dependentt 7{0f!

Z, Variable2| Parent?t & =& GraphWoi| M B23ot= = EFE2| It2t0|E 7§47} 0f =L},
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Undirected Models (Markov random fields / Markov
Networks)

Notation
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16.2.3 The Partition Function
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Partition Function2 £} =& 12 3= E Normalize

16.2.4 Energy Based Models
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(a) Directed graph ) Undirected graph (c) Factor graph

@ Nodes represent random variables
o Edges reflect dependencies between variables

Energy Function®| £2 F (X, Y) ¥0| EZXe I SEL =E0| =L O|HX|E KA F 1, Btifo] <
XIS =A F= ozt & == QUL Clique Potential2 Z 59| AffinityE ZHsIH, 1 AlS

S0l Hp T - E| = =7 & 9| BTt Indirect InfluenceO| A E1O{ kTt


af://n82
af://n84
af://n97

D-Separation
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