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Motivation

e Action detection in video

* You are given a video and asked to extract actions happeninginit. What
would you do?

* One way to solve it: using HMM
e Each frame is known variable and action happeningin there is latent!



HMM

* HMM can be used to model sequential data or stochastic processes.

* Includingtwo models
* Adiscretetime, discrete state Markov chain with hidden states
z¢ €{1,2,..,K}
* An observationmodel p(x¢|z¢)
* Observation model could be discrete or continuous
* |ndiscrete case, it could be observation matrix (we consider this case here)
p(x; = llz, = k) = By,
* |In continuous case, we can use conditional Gaussian.
p(x¢lzy = k; 0) = N(x¢| g, Zg)

* Applications: Speech recognition, Activity recognition, Part of speech
tagging, Gene finding, ...



Model Parameters
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Inference with HMM

* Given parameters, we can do the following inference in HMM
 Filtering: computingthe belief state (online) 7’(.2‘,/ 7,,,*)

* Smoothing: computing the state offline f{g
* Fixed lag smoothing: P( 2, _‘/x,...b) & zn:T)
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Filtering using Forward Algorithm : f(z*‘j/X.:r .6)
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Forward Backward algorithm for Smoothing
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Two-slice smoothed marginals
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The Viterbi Algorithm
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Learning for HMM

* To do the inference we need to estimate the parameters of model
* When hidden variables are observed: MLE

e When hidden variables are not observed: EM



Fully observed case
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Partially observed case
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E - steps
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