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Hidden Markov Model (HMM)
[R5 /RA[ Ki=EY

Rabiner. “A tutorial on hidden Markov models and selected applications in
speech recognition”, Proceedings of IEEE, 1989.
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HMM viewed as DGM
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Three basic problems for HMM

(D Learning/training (parameter estimation)——EM%. i3

. B AIMMERS] v o WHTRETHERI 25 A=(x, A, B) ?
m?x p(yl:T |/1)
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http://en.wikipedia.org/wiki/Likelihood_function
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Inference problem
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Three basic problems for HMM
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Image Processing / Computer Vision

Removal of sensor noise
Image stabilization
Object tracking
Video summary
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Transformed mixture of Gaussians (TMG)

L=121 translation transformations
(11 horizontal shift and 11 vertical shift)

1

1

Introduce transformation as : X
hidden variable
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Transformed mixture of Gaussians (TMG)

Introduce transformation as
hidden variable

p(c,L,x)=p(c)p(l)p(x|c,l)
N(X|Tu, TX, T

_. add noise

Introduce pre-transformation noise
p(x1,z,c)=p(c)p(l)p(zlc)p(x|l z)
=z, PN (2| e, @) NV (X|T2,'Y)

o.- il

latent image
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Comparison

--H-

2y Mixing weights, cluster means and
2~ cluster variances for a traditional
S

; 31 : :

= A TMG is trained on 400 images,
containing K=5 clusters, and L=121
translation transformations (11
horizontal shift and 11 vertical shift)
using 40 EM iterations.

Mixing weights, cluster means and
cluster variances for the TMG.

The cluster means are less blurred. "



Introducing temporal dependency

» Temporal dependency is obviously valuable for
modeling video sequence.

p(c,| Cpyp) Transformed HMM

= The variables c, |, z, x, at frame t follows
@y ©
p(l [ 1.1

= Transition probabilities:
p(c lcy)
p(l 1)
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Image/video analysis as inference in THMM

» Given a THMM, several interesting image/video analysis tasks can be
implemented simply as inference of the hidden variables in THMM.

A

I1:T :argmaxp(ll:T |X1:T) p(Z|C):'/l/(Z|luc’ch)

l,
Inferring the transformation
index | : object tracking

p(xI1,2) =/ (x|T2,%)
':%i...--"

Inferring the mean of x :
removal of sensor noise

(IAl:T iy ) =argmax p (Il:T L | X )

bt 237

A Inferring the latent image z :
image stabilization

2,y =argmax p ( Zyr | X )
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Demo

1) A 400-frame video

2) most likely z

3) 1-adding white noise,
2-removing most likely post-transformation noise
3-further removing most likely pre-transformation noise

4-most likely z




Demo

4) 1-placing a static dark bar
2-removing most likely post-transformation noise

3-most likely z
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Open questions

+ How can the computer do

= Segment the video ?

= [rack objects ?

= Recognize objects ?

= De-noise the video ?

= ... and do all this completely automatically ?

These problems are inter-dependent and have uncertainties,
how to perform them jointly using a unified probability model ?

EALEC S )RS N B R AR A,
RS E I IR T KR
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Conditional Random Field (CRF)
FHFENLA

Lafferty, McCallum, Pereira. “Conditional random fields: probabilistic models for
segmenting and labeling sequeance data”, ICML 2001.
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Limitations of HMMs

> b MRS p(y ) B A %0
o HEE AT p(qly)

= Generative modeling
BALEE i p(a,y) =p(aly) p(y) > W HMM;

@ HNERE AN p(q,y) BWE p(qly), p(y) #BEGIEHESLH
p*(aly), p*(y);

b

def noun verb prep  noun

@ @ @ @ @ p"(ys =fire| g, =noun)
ONOROEO RO
The house is on fire 27



Limitations of HMMs

= Conditional modeling/discriminative modeling
R 26045345 p(qly), W CRF;

© RIFHEMEFEFRIE Ce.g. BTERIFEECRR? HEKS? WKRKS?

FETR? T Fing? )
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Maximum-Entropy-Markov-Model (MEMM)

def noun  verb prep noun
The house flre

+ The conditional dlstrlbutlon
:

P(Cr | Yir ) =P (I Y)-T] P(a 10 )
t=2

= Label bias problem
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Conditional Random Field (CRF)
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Linear-chain CRF
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Linear-chain CRF
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Three basic problems for CRF

Lesson?_RFLearning

(D Learning/training (parameter estimation)——TIterative scaling/#) 4y
W Sl S H

Lesson? ve
@) Likelihood calculation——Forward-backward & i

3@ Decoding (recognition)—Viterbit -
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Open questions

+ How can the computer do
s 3T (R0 43iH
o APERRE, AU
s TSR, 15 B4R
= B S AT
. S E T

= ... and do all this completely automatically ? __ Mannning p8:
B E 5 EIILR

These problems are inter-dependent and have uncertainties,
how to perform them jointly using a unified probability model ?
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Summary

|IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL.27, NO.9, SEPTEMBER 2005

A Comparison of Algorithms for Inference and
Learning in Probabilistic Graphical Models

Brendan J. Frey, Senior Member, IEEE, and Nebojsa Jojic

Abstract—Research into methods for reasoning under uncertainty is currently one of the most exciting areas of artificial intelligence,
largely because It has recently become possible to record, store, and process large amounts of data. While impressive achievements
have been made in pattern classification problems such as handwritten character recognition, face detection, speaker identification, and
prediction of gene function, it is even more exciting that researchers are on the verge of introducing systems that can perform large-scale
combinatorial analyses of data, decomposing the data into interacting components. For example, computational methods for automatic
scene analysis are now emerging in the computer vision community. These methods decompose an input image into its constituent
objects, lighting conditions, motion patterns, etc. Two of the main challenges are finding effective representations and models in specific
applications and finding efficient algorithms for inference andlearning in these models. In this paper, we advocate the use of graph-based
probability models and their associated inference and learning algorithms. We review exact techniques and various approximate,
computationally efficient techniques, including iterated conditional modes, the expectation maximization (EM) algorithm, Gibbs
sampling, the mean field method, variational techniques, structured variational techniques and the sum-product algorithm, “loopy” belief
propagation. We describe how each technique can be applied in a vision model of multiple, occluding objects and contrast the behaviors
and performances of the techniques using a unifying cost function, free energy.
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+ Factor graph (& + & ) @Loopy sum-product Act
= a bipartite graph (& 455, KBS S
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( ):_¢A( )¢B (X2)¢c (Xl’XZ’X3)¢D (X3’X4)¢E (Xs’Xs)

» Cumulative distribution network
o EFAIE AN B A
= Useful for rank data

ba(z,y)  O(7,9,2)  Ge(y,2)  Pal2)
F(X,y,2)=P(X<XY<y,Z<z)=¢,(XY)d (XY.2)8 (Y. 2)¢ ()

Conf. Uncertainty in Artificial Intelligence (UAI 2008) (Runner-up for Best Student Paper Award)
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