


- Likelihood of Data and observation Models

let X={Xi - - Xn } be some set of random variable
.
and Q={ Ox. - . . Qin } be their observability variable

the observably model is a joint distribution Pmissylx, 0×7 PAD . Pmisgl 0×1×1 . When PID is parameterized
parameter 0 and Pmisiy 10×1×1 is parameterized by 4
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' Decoupling of Observation Mechanism

A missing data model Pmissy is missing completely at random INCAN if Pmissyt (XLQD

In the case of MHK, the likelihood function decomposes as a product
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g. always observe the first toss. decide whether or not hide the and toss

based on the first toss
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the conditional independence helps to decouple
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let y be a tuple of observations
.
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' The Likelihood Function
Given a BAG over a set of var X . each instance has a different see of observed vars

Otm] and 01m] are observed vars and values of mth instance
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Identifiably
ability to identify uniquely a model from data
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def compute . gradient / G. 0 . D) :
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