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Three Examples of A* SN
* Example 1: Interactive Segmentation. \\':

* Example 2: Road Tracking — Geman and Jedynak 1996.

* Example 3: A* for Hierarchical Object Models (Kokkinos).



Example 1: Interactive Segmentation.

* Graph is the Image lattice. . . . . .
* Two points on the graph are specified — A &B. t _I
* Find shortest path between A& B.
* Now go to hand-written notes.




Example 2: Road Tracking

* Inspired by Geman and Jedynak (1996).
* Find a road in an aerial photograph. “J LV




Road Tracking




How to search for the road?

* There are an exponential number of possible paths.
* You do not have time to search them all.
* You must select a search strategy that is efficient.

 Geman and Jedynak proposed a new strategy based on information
theory.

* Their strategy is to search so as to maximize the expected gain in
information — see Jedynak’s talks on Wednesday.

* Coughlan and Yulle analyzed the algorithm — and showed that it was a
variant of an inadmissible A* algorithm.



Third Example: Detecting Object in Image

 Hierarchical Models of Objects.

* A* over rules for combining subparts of objects to build a complete
object.

* This is used to detect objects — cars — in images.

* Why hierarchical models? (more in week 3).

* More robust than “flat models” — can detect even if subparts of the
object are missing (occluded or undetected).

* Ability to share parts (not used in this example).
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Example 3

|. Kokkinos
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Hierarchical Compositional Models

L 2
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e Top-down view: object generates tokens
e Bottom-up view: object is composed from tokens



Compositional Detection

L 4

e View production rules as composition rules

(Pp1s- -5 Pp,) = PO

* Buld a parse tree for the object

* Requires

— Composition rules

— Prioritized search

L 4
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Composition as Climbing a Lattice

P
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e Introduce vector indicating instantiated substructures
I(s)y = 1[1,0,1], S=(5,—,953)
— partial ordering among structures
S' <87 I,(S") < I(S7) Vk

e Hasse Diagram for 3-partite structure

111

— By acquiring a substructure, the structure climbs upwards



Composition of the Back’ Structure

a

Problem: Too many options!

(Combinatorial explosion)



Analogy: Building a puzzle

L 4

Bottom-Up solution: Combine pieces until you build the car

— Does not exploit the box’ cover

Top-Down solution: Try fitting each piece to the box  cover.

— Most pieces are uniform/irrelevant

Bottom-Up/Top-Down solution:

— Form car-like structures, but use cover to suggest combinations.

L 4
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Best First Search

e Dijkstra’s Algorithm
— Prioritize based on " cost so far’
- For parsing: Knuth’s Lightest Derivation

e A* Search
— Consider "cost to go’

— Approximate with heuristic cost

Entry

=8

I}

Cost so far

Exit Cost to go

Heuristic cost



"Cost to go’ for Parsing

e The Generalized A* Architecture, Felzenszwalb & McAllester
e Context: complement needed to get to the goal.

v ——
NN Object A~
=— - 7

CON(S) I
\-,Qg\\
,/""" = Tokens

e Recursive derivation of contexts.
CON(goal) =0

(51 = w1, S2 = wa) — (53 = ws)
(CON(Sl) = Ws + W, — wl)

(Sl = w1, 52 = W2, 53 = Ws, CON(SS) — wc)—> (CON(S2) = Ws; -+ We — w2>



Heuristics for Parsing: Context Abstractions

e A* requires lower bound of derivation cost
e Derive context in coarser domain (abstraction)
— Lower bound cost on fine domain

Cost(CON(Abs(S3))) < Cost(CON(S3))

e Use it to prioritize search

KLD: (S7 = wy, S = wa)—w, (S3 = w3)

AX - (Sl — W1, SQ — W2, CON(AbS(Sg)) = wh)—>w3+wh (Sg = w3)



Abstractions via Structure Coarsening
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e Coarsening:

b | —

Zl“"" p|O pp|G‘ — Z {]U”

4

|:l'[]|n ‘ |Eu G‘| + DQ|GE pﬂ@} + Z nax (—]“u

—
(—’ L

000

Coarsen

a{‘

1 part suffices
e Lower bound composition cost ) logP,6(p,0)

li"'.l'—P

peEP\a

pe P

J

n|2p O| +pp|OEp Ol}p|0} —

identify nodes of Hasse diagram

>

H|EpO| )



P8
A g

L 4

Coarse Level Parsing
KLD: Coarse Domain P pottom-Up

Contexts to Fine Level




Fine Level Parsing

vTop—Down Guidance: Heuristic,
Coarse Level

It

Bottom-Up Composition, Fine level

/\
/\
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A* versus Best First Parsing
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e A* Parsing

Front Part
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e Knuth’s Lightest Derivation Parsing




Parsing

& Localization Results - 1
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Parsing & Localization Results - II
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"ETHZ Benchmark results

UIUC cars

== ur method
m= Cerrari et al, 09

susFemrari et al, 08
sunGy et al, 09

05 i 15
False Positives per Image

Apple logos

T
------ auesssasiEmEEmEudny

== Our method
mmm Forrari et al, 09
=ssFarrari et al, 08
mmn(5y et al, 09

: 1 1.5
False Positives per Image

Mugs

== )ur method
==Ferrarn et al, 09|
ssuFerrarn et al, 08
menCy et al, 09

05 i 15
False Positives per Image

Bottles

== Our method
mm~errar et al, 09|
=ssferrarn et al, 08
senGy et al, 09

. 1 1.5
False Positives per Image

Swans

......... sssmmnnnunnnt]
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== Jur method
== Ferran et al, 09)
smsFerran et al, 08
smnGy et al, 09

05 1 15
False Positives per Image
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Forward pointers

e Learning the model parts:
— Statistical Shape Models, 3 week
e Learning the model parameters:
- Latent SVM training, 3" week
e Branch & Bound for star-shaped models:

— Rapid Object Detection with Branch & Bound, 3™ week
e spatial coarsening
e score bounding
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