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Computer Vision Il

* Last time: Computer vision tasks as massive
search problems

f(x) =y = argmax,ey g(x,y)
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* Detection: f: X = Y Y =all possible positions
(and scales) of object

* Foreground/background segmentation: f: X = Y
Y = all possible 0/1 labelings of image {0,1}"

* Labeling: f X-1Y Y=all p055|ble labelings of
image {1, ..., L}" el O

* Pose estimation: f: X’ = Y 7Y = all possible poses

(u,v,0,s) ofimage {1, ..., P}¥

f(x) =y" = argmaxycy g(x,y)

* Detection: f: X = Y Y = all possible positions (and scales) of object

gx,y) =w.o(x,y)

* Foreground/background segmentation: f: X = Y Y = all possible
0/1 labelings of image {0,1}"

* Labeling: f: X - Y Y = all possible labelings of image {1, ..., L}"

* Pose estimation: f: X = Y Y = all possible poses (u, v, 8, s) of
image {1, ..., P}¥

Energy models:
glx,y) = Z 9:(x, y1) + Z 9i,; Vi, ¥y, x)
i= iL,JEN (i)

Probabilistic models:

1 1
p(ylx) = EEXD(Q(XJJ/)) =El_[¢i(x,%) 1_[ Vi i yi)
i,j linked
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Reminder of key results

* Exact algorithms on tree-structured graphs
— Message passing
— Max-product: compute y*
— Sum-product: estimate marginals p(y;|x)

* Today:
— Details of max/sum for tree-structured models

* Detection with parts
* Pose estimation

— Efficient search for detection (in some special cases)
* Next:
— Details of general cases for segmentation and labeling

Richer description is needed to capture the
variation in appearance of typical visual classes
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Representation by parts:
y = yl! Ty yK

Possible (bad) model:
Find each part independently

y; = argmax,, g;(x, y;)

Example from D. Ramanan

Example from P. Felsenzwalb
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* For each individual part:

9i(x,y;) = w; - o(x,y;)

Feature at y;(e.g., HOG)
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gij(yiryj) = Wi - (Pij(Yian)

Feature vector describing the location of y; with respect
to y;

—(uq — u2)2

For example: ¢;; = (v, — v2)2

Likely Unlikely

w1z - @121, V2.
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g(x,y)
=w{ - @1(6,y1) +wi - @, (x, 7)) + wi - @s3(x,y3)
+ Wip  @12(X,V12) + Wiz - @(x, ¥13)

g(x,y)
= WI€01 (x,y1) + W;TQDZ (x,y2) + W3T§03 (x,¥3)
+ w011, ¥2) + w0132, ¥3)

max g(x, y) = max max max
y Yi Y2 V3

wi @1 (x, 1) + wi @, (x, ¥,) + wi 3(x,y3)
+Wi012(V1, ¥2) + wiz913(v1, V3)
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Usual max sum trick: max(a+b, a+c) = a + max(b,c)

rr;,aX(Wf @1 (x, 1) + n}aX(wg @2 (x,y2) +
1 2
w1912, (V1,¥2)) + rr;gX(wsT 030, y3) + wiz013(¥1,¥3)))

n};ax(wf"(pl(x, yi1) + rrjllax(wg @ (x,y,) +
1 2
wi@12(V1,¥2)) + rrJng(Wgﬁos (x, ¥3) + wi3013(¥1,¥3)))

oo
wir012(V1,Y2) m

w3 @2 (x,¥5) + W01 (V1, ¥2)

W2 ©2(x,¥2)
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feature map feature map at twice the resolution

.t

combined score of
root locations

color encoding of filter
response value:

General case

* Message passing (DP):
score(y;)
=wj ¢;(x,y;) + Z My (¥;)
k descendant())
mq(yp) = n)l/ax score(y,) + WapPab Var ¥p)
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Estimating the marginals

» p(ylx) = ~exp(g(x,y)) =
% MYy I linked Yii 00 ¥5)

Estimating the marginals

* Propagate partial sums from leaves
P(yj|yix) = P(yjly)m; ()

mj(yj) o eij‘Pj(X,J’j) 1_[ Z P(J’kl)’px)
k child of j ¥«

3/26/2012
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Estimating the marginals

* Propagate partial sums from root
P(y;, yi|x) = P(y;|yi, )P (i ]%)

P(yjlx) = > PO;il)
Yi

Example from Deva Ramanan

15
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Parenthesis: Efficiency issues in search

for a detection in an image

* Detection: f: X = Y Y = all possible positions (and scales) of object
gxy) =w.0(x,y)

+ Need to evaluate all possible boxes = all possible positions and sizes = N*

* Isit possible to do this more efficiently?

* Yes, for some special cases

Branch-and-bound

Ik < gr(@) < g a € Ay

* if gk < giforall/ then there is no point in

exploring Ay

16



Branch-and-bound

g <max g (a) < g

* if gr < giforalll then thereis no point in exploring
Ay o

« Ifgi{y}) = gy} = g({y}) forally

* Notes:
— Worst case complexity remains the same
— Lower is trivial: Pick any a in Ay,

Branch-and-bound for detection

* A=setof boxes
* Each box parameterized by [T, B, L, R]
* Each set A parameterized by
Tmin' Tmax- Bmin' Bmax- Lmin- Lmaxv Rmiru Rmax

Lmin Lmax len ?max

3/26/2012
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Branch-and-bound for detection

Lmln Lmax len Rmax
1 1

Tmin. -4

Tmax

Subwindow search

* Depthfirst search: split current set of windows A by splitting one of the intervals
[Tonins Tnax ) [Bmin Bmax] [Lmin Lmax ], [Rmin» Rmax] in the middle

* Next question: How to evaluate g(4), g(4)

Lmax

Lmin

18
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Additive scores
* We consider scores of the form:
gy = Y w)
x; Occurs iny
Example BoW:

* h(x;) = number of times word x;occurs in box y
* w(x;) = entry of weight vector w for word x;

g(x' y) = in W(xi)h(xi) = le. occursiny W(xi)

Branch-and-bound for detection

* If score is additive, then simple upper bound:

* 906 Y) =X, occurs in y, MaXW(x),0) +

in occurs in yp, min(w(x;), 0)

* G Y) =X, occurs in y, WD T+

z:x,; occurs in y, w(x;)~

19
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Efficient sliding windows (ESS)

* Branch:

— Depth first search: split current set of windows A by
splitting one of the intervals

[Tmin' Tmax]r [Bmin' Bmax]v [Lmin: Lmax]r [Rminr Rmax
] in the middle

* Bound:
g(x,y)

= Z w(x)t + Z w(x;)”

x; OCCUTS in yy x; OCCurs in y,

Efficient sliding windows (ESS)

* Branch:

— Depth first search: split current set of windows A by splitting
one of the intervals

[T_minv Tinax); [Bmin» Bmax), [Lmin, Lmax], [Rmin, Rmax] in the
middle

¢ Bound:

Ga= D wEtt ) we)

x; OCCUrS in y, x; OCCUrs in y,
* 0O(1) computation of bound

* Can be extended to non-linear operations on histogram
representations: histogram intersection, 2, pyramid
kernels

* Later: BB idea can be applied to other problems, e.g., non-
tree inference

20
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Reminder of key results

* Exact algorithms on tree-structured graphs
— Message passing
— Max-product: compute y*
— Sum-product: estimate marginals p(y;|x)

* Today:
— Details of max/sum for tree-structured models

* Detection with parts
* Pose estimation

— Efficient search for detection (in some special cases)
* Next:
— Details of general cases for segmentation and labeling
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