Per ceivers

Perception: The process of finding plausible interpretations for data.

The Computational Theory of Perception:

Percept  Plausibility Sensor Dat:

NN

M = argmax P(m | D)
m € C(D)

Scene Model Consistent Mode

We need to specify
e Representation — how interpretations are represented.
e Domain Theory — what constitutes a consistent interpretation.

e Preferences — when one interpretation should be preferred over
another.

e Search Strategy — how to search for preferred interpretations.

Representati
Consistent

Domain Theogy Nterpretation® pjo siple
Preferences Interpretation® percepts

Search Strat
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Examples

Assignment 1: Separating diffuse and specular reflection.
e Models: Lighting and reflectance model.
e Preferences. Simple noise model.
e Search: By hand.

Assignment 2: Counting cells and buds in microscope images.
e Models. Smooth background, circular boundaries.

e Preferences. Simple background model, parsimonious circle fit-
ting.

e Search: Robust estimation, RANSAC, greedy model comparison.

Assignment 3: Human eyes.
e Models. Eigen eyes, skin colour.

e Preferences: Mainly consistency. A pair of eyes in a skin-coloured
blob with a known eye-to-eye separation.

e Search: Robust estimation, eigen-detection.

Assignment 4: Tracking pigeon parts.
e Models: Distribution of poses of pigeon parts.
e Preferences. Posterior probability (filtering distribution).
e Search: Particle filter.
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Blocks-World Study: Motivation

The simple blocks-world domain serves to illustrate thadasmpo-
nents of a perceiver:

e Scene representation.
e Domain theory.
e Plausibility theory.

e Search for plausible models.

The domain also illustrates two basic problems in imagepnétation:

e Providing a definition of an appropriate plausibility orithey on
possible interpretations.

e Controlling the search for interpretations to relativedwiplausible
choices.
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Image Line Data

Khoros line-finder results on blocks-world images:
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Representation: Card-Blocks World

Card-Block Model Scene

We consider scene models consisting of:
e Card-blocks arranged in depth layers.

e Sticks (isolated line segments).

The interior of a card-block is taken to be opaque, and theeat can
occlude other objects.

Image interpretations must explain all image edges in terfreard-
blocks or sticks.
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Example: Multiple Candidates
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Number of Individual Blocks

Just how big is that search space?

. x 10* Collapsed Model Space for Block’s World
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Plausible Individual Blocks

Im9: 5 blocks

Im7: Best 8 of 10 blocks
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Plausible I nterpretations
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Im7: Scoree*§® Im4: Scoree®1§?
(1 other withine?) (7 others withine?)
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Beyond Blocks

A much more complicated example is the perception of humésa.ga

But the big issues are the same. What sort of model? What'wad
in the model space? Given image data, which specific modelsrar
ferred? How can we find these preferred models efficiently?
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Percelivers. Motion Under standing

Scene Dynam cs slides go here
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The Great Beyond

A big remaining challenge is to move beyond such simple nxmdel
more powerful generic models, such as the ones you mightoude-t
scribe a random postcard in some detail (say in a paragraioonf
text and a sketch from a different viewpoint).

Surprisingly challenging due to:
e the ambiguity of local image data,
e the desire for rich, general scene models,
¢ a tractable definition of plausibility is required,

e the size of the search space containing plausible models.
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