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Probabilistic Inference on Structured
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— Alan Yuille (UCLA).
~ e Summer School. July 2008. IPAM.
¢ \/ideos/PDFE’s available for download.



Diffjel ’C'V’OHQEQ‘I* |
BN/5/1iM5 EXLETIE V. F//“ cuit.
SESOPGrCoriex nvolved in vision.

= 8
TR

i

59

'--_

J/fr/m:ﬁg of vision is due to the high-
dimensionality of the data.
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ﬁ-*"‘ It is weII known to computer vision researchers, that

~ algorithms that work on artificial stimuli almost never
generalize to natural images. (Julesz random dot
stereograms).
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'Ofif t can be used to model a range of psychophysical
_ phenomena — see reviews (Kersten, Mamassian,

Yuille 2006, Geisler and Kersten 2004 ). Baye5|an
Ideal Observers.

o. Multi-cell'recordings in V1, V2 by Lee (Lee &
Mumford, Lee & Yuille). fMRI studies (Kersten lab.)
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Which scene description
caused |7 ( scene

dascriptions, 5

" image, Pavan Sinha (MIT)
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SAEntito sample from POWIT)
o Dzjiz) JrJv n Markov Chain Monte Carlo (DDMCMC).

IILETPIE ting an image corresponds to constructing a
,/f.Lf’ graph
J«"*‘*“* “moyves for constructing the parse graph.
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o DV-ﬁamICS for moves use bottom-up & top-down
- visual processing.
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- fien repeated sampling from the MC will converge
fce samples from the posterior P(W|I).
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e At each time-step — choose a type of move,
then apply it to the graph.

e Kernels obey:

Sw KW, WHP(W|I) = P(W'|I)
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DEtaDriven Proposalssss

0 Uge el a-driven proposals to make the Markov
Crizlln) il
J\/Ja;rc olls-Hastlngs design:
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—® -Proposal probabilities are based on discriminative

CUES.
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OIIEUPIProposals for faces and text. False
WVES and false negatives.
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Highizllevel Models validate bottoms
IPREUES and reseive ambiguities:
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EOTpEtion & Cooperation.

a. Input lmage h. Sepmentation c. Object recognition d. Synthesized mage
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ISTIS!  part of his Image genome™ project
“_étotus Hill Institute (China).
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Structure Learning of
mierarchical Object Models

| c0 zhu and Alan Yuille

== Department of Statistics

== University of California Los Angeles
- May. 2008
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pajermawierObjectModeling, . =
inference and Unsupervised™
Lezirrllnle —

o Tegie Deformable ObJect
HrJrJLEL.

J J__] CU|tI€S
- iarge shape and appearance

_; - f"’ variations.

—

- — Cluttered Background
— Occlusion, lighting, etc.
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1'e-;c-ween the leaf nodes
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B e e =

=~ = and image pixel.
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e Horizontal Shape Priors at
multiple levels

e \/ertical constraints
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J Hroceg He: ‘Bottom-Up and Top Down

o I nrea ’rrnuples

= rJ" rarchlcal Composition: combine elementary
uctures (danger combinatorial explosion)

it e
- -.-... E _,_-r-'\-

'I"_

_;:fu-n '*—'Susplcmus Coincidence
-~ — Competitive Exclusion

“e. Complexity: linear in the height of a
hierarchy (empirically)
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