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» The Full Problem of Matching and Fundamental Matrix Estimation

Problem: Given two sets of image points X = {z;};2; and Y = {y;}7—; and their
descriptors D, find the most probable
1. inliers Sy C X, Sy CY
2. one-to-one perfect matching M: SX — Sy perfect matching: 1-factor of the bipartite graph
3. fundamental matrix F' such that rank F = 2
4. such that for each x; € Sx and y; = M(x;) it is probable that
a. the image descriptor D(x;) is similar to D(y;), and
b. the total geometric error 3, . e?j (F) is small note a slight change in notation: e ;
5. inlier-outlier and outlier-outlier matches are improbable

M: Y
12345 78
1
2 []=0
X I m-1
O i A 1
6
(M",F") = argmax p(M, F | X,Y, D) (17)

e probabilistic model: an efficient language for task formulation
e the (17) is a p.d.f. for all the involved variables (there is a constant number of variables!)

e binary matching table M;; € {0,1} of fixed size m x n
® each row/column contains at most one unity
e zero rows/columns correspond to unmatched point x; /y;
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Deriving A Robust Matching Model by Marginalization

For algorithmic efficiency, instead of (M™,F") = arg %aWY, D) we will solve
2 1ak) - ph) F* =argmgxpmjD) Teixy <F(X:"-}’)F (18)
Pre s (MFLXTD)

this simplification changes the problem!

by marginalization of p(M,F | X,Y, D) over M
(X,Y,D, M | F) - p(F)

p(M,F | X,Y,D) ~p(M,F,X,Y,D)=p

assuming correspondence-wise independence:
m

n
de:
p(ny,D7]\[ | F) = HHp(xl7y]7D7m'} | F)

i=1j=1
® ¢;; represents geometric error for
® d;; represents descriptor sim#arity for match z; < y;:

e(€ij, dij, mij ‘ F)

dij = [|d(=;) — d(y;)ll
QIFT eftc

Marginalization: m n
_—— /\M

>, D 2 XY DM[F) =3 % oy [T peleis digmis | F) =
mi1 mio Mo p t=1j=1

my1€{0,1} mi2 Mmn
n

22 =11 > peles, dig,mi; | F) = p(X,Y, D | F)
Wv i=1j

" j=1m,;;€{0,1}
2 \M‘\
3D

'z
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Robust Matching Model (cont'd)

> peleigydigymi [ F) = > peleiz,dis | mis, F) 'p(mz‘jm=

m;;€{0,1} m;;€{0,1}

= peleij, dij | mij = 1,F) -p(mi; = 1| F) +pe(eij, dij | mij = 0,F) -p(mi; =0 | F) =

p1(eij,dij|F) l-a - po(eij,dij|F) ag
(1-ao L eij, dij | F) + aopo(eij, dij | Fﬂ (19)
1—oc,
e the po(eij,di; | F) = const is a penalty for ‘missing a correspondence’ but it should be a
p.d.f. (cannot be a constant) (see Slide 108 for a simplification)

ap — 1, po— 0 sothat

po ~ const

e the pi1(e;j,d;i; | F) is typically an easy-to-design component: assuming independence of
geometric error and descriptor similarity:
pilej, dij | F) = pi(es; | F) - p1(diz)

e we choose, eg.

1 e 1 _ld@@)—dwyI?
e; F — e 203 di;) = ——— ¢ 2”(12 20
pileis | F) = 70 i) = i d) (20)
® o1, 04, o are ‘hyper-parameters’ \ R T c:(dww(_ S VL —
® the form of T'(o1, F') depends on error definition = ‘I:“J?-

® we will continue with the result from (19)
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»Simplified Robust Energy (Error) Function

e assuming the choice of p; as in (20), we are simplifying

pX,Y,D|F)=]]]] [(1 — a0) p1(eij, dij | F)Haopolei, dij | F)] (21)
i=1j=1
o we define ‘energy’ as: V(z) = —logp(z)| # =-fr(x\ 10( f“f) this helps simplify the formulas

e for simplicity, we omit d;; euly (= Maue
e we choose op > 01 and the missed-correspondence penalty function as

1 —
Pl 0= T © =

e then

m n ~ ap i : a0 Te(Ul F) _ e%j(z)

V(X,Y,D|F) = s —log(e 7 9 ) " e
( | z::z:: Te(al,F) & 1—ao Te(o0, F)
A(F) t & const
e by choosing representative of F' such that A(F) = const, we get
m n (F)
V(X,Y,D|F):mnA+ZZ—log( 207 +t) (22)

i=1j=1

V(eiz)

note that m, n are fixed
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» The Action of the Robust Matching Model on Data

Example for V(e) from ( e, (F)
. att red — the usual (non-robust) error when t = 0
35 e blue — the rejected correspondence penalty ¢
3 ——t=02 green — ‘robust energy’ (22)
25
2 o if the error of a correspondence exceeds a limit, it is ignored
> ~
15 e then V(e) = const and we essentially count outliers in (22)

T <‘ /7 ® ¢ controls the ‘turn-off’ point
0.5 T . . . .
e the inlier/outlier threshold is e is the error for which
0 N (1 —ao)pi(er) = appoler): note that ¢ ~ 0

-0.5

-4 -3 -2eT-1 [ 1 eT2 3 4
e er = 0‘1'\/—10th (23)

The full optimization problem is (18):

likelihood prior

X,Y,D|F F
F" = argmaxp(F | X, Y, D) = arg max il ,p(yX,l/,l))ﬁm ) _
N——

evidence

= arg mFin{V(X, Y,D|F)+V(F)}

® typically we take V' (F) = O unless we need to stabilize a computation, e.g. when video camera moves
smoothly (on a high-mass vehicle) and we have a prediction for F

® evidence is not needed unless we want to compare different models

3D Computer Vision: V. Optimization for 3D Vision (p. 109/206) 9Da® R. Sara, CMP; rev. 13-Nov-2012 *ill



Discussion: On The Art of Probabilistic Model Design. ..

e a few models for fitting zero-centered circle C of radius r to points in R?

marginalized over C'
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e mode inside the circle
e models the inside well
e tends to normal distrib.

orthogonal deviation from C

. (.0

2
1 1 (r\lx\l) T o
2x0(22) X2\ @
0

e peak at the center
e unusable for small radii
e tends to Dirac distrib.

rlixll
o

Sampson approximation

x

N(0,%1)

_e2Gan)

1 202

ray/(2m)3 ¢

e mode at the circle
e hole at the center
e tends to normal distrib.
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How To Find the Global Maxima (Modes) of a PDF?

2 e consider the function p(z) at left p.d.f. on [0, 1], mode at 0.1
s e consider several methods:
1. exhaustive search
. step = 1/(iterations-1);
avf ey [’(Y) for x = O:step:1
X if p(x) > bestp
05 : : : bestx = x; bestp = p(x);
end
0 0.2 0.4 0.6 0.8 1

p()

end

0
e slow algorithm (definite quantization); faster variants

exist e fast to implement

2. randomized search with uniform sampling
| Gt prnd
if p(x) > bestp

X
:| bestx = x; bestp = p(x);

exhaustive

randomized

MH_crawl

L/ end

® slow algorithm but better convergence e fast to
implement e how to stop it?

Gibbs

0 1000 2000 3000 4000 5000
eratons 3. random sampling from p(z) (Gibbs sampler)
e faster algorithm e fast to implement but often infeasible (e.g.

® averaged over 10% trials
when p(z) is data dependent (our case))

® number of proposals before
|z — Tirue| < step 4. Metropolis-Hastings sampling
e almost as fast (with care) ® not so fast to implement e rarely

® uniform and Gibbs give the
infeasible ¢ RANSAC belongs here

theoretical result
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How To Generate Random Samples from a Complex Distribution?

s
2l

p(X). G(x|x,)/10

o
o

0

-

target (red) and scaled proposal (blue) distributions
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e red: probability density function p(z) of a toy
distribution on the unit interval  target distribution

4 4
p(z) =Y aiBe(w;ai, Bi), Y ai=1, a;i >0
=1 i=1

Be(z; o, 8) = B(% 21— )’

B)
( Vv.“z.us,yq) ( 0.1,0.LI 0. AN, DL) (0'41 J. 3, 0‘3‘ 1'0)
e note we can generate samples from this p(xz) how?

e suppose we cannot sample from p(z) but we can sample from some ‘simple’

distribution, given the last sample zo (blue)

q(z | zo) =

U0,1($
Be(z; 3¢ + 1,

p(z)

)

proposal distribution

(independent) uniform sampling
10 1) ‘beta’ diffusion (crawler) T — temperature
(independent) Gibbs sampler

® note we have unified all the random sampling methods on the previous slide

e how to transform proposal samples q(z | zo) to target distribution p(z) samples?
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Thank You
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