Data-driven Markov Chain Monte Carlo

DDMCMC and its applications in
iImage segmentation and object recognition
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A Bayesian Formulation

A basic assumption, dated back to Helmholtz (1860), is that biologic and machine vision
is to compute the most probable interpretation(s) from input images.

Let  be animage and W be a semantic representation of the world.

W = argmax p(W|I) = agmax p(I| W) p(W)

weQ) weQ)

In statistics, we sample from a posterior probability to preserve ambiguities.
(WA, Wa,...,Wk) ~ p(W]I)

(P
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The complexity of sampling the posterior W ~ p(W|I)
IS in the Metropolis-Hastings jumps

Consider a reversible jump W, <>W,

a(W, ->W;) =min (J, PWel ) G(W, _)WA)) or min (L, PWg| IYaW, [W;)
pW, NGW, ->W;) P, DAWg [W,)

Without looking at the data, the pre-designed proposal probabilities are often uniform distributions, thus it is a blind

(exhaustive) search ! m
In DDMCMC, (W, >W, ) =min (L PWg| 1Ya(W, W, | )
p(W,| IW

If a(w, W, )= pW, 1),  qW, W, 1)= p(W I)

Then it may converges in a small number of steps !
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An example




Sampling the Posterior Distribution

W* = arg max p(W|I) = arg max p(I|W)p(W
gWer( 1) QWEQP(I )p(W)

Markov Chain:  MC = (p, K, p,)
To design transition kernel:  p-K=p po-K"—>p

/\‘\'
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W=(n, {R,,1.,0.:i=12,..,n}) € Q

7, = (R, Re,.., Ry) is a 7-partition of the lattice.

Qn ={TEn =(R1, Ra,..., Rn): UR=A,Ri nRj=0,Vi= j} / Pg
" i=1
” . |A] A permutation group
The partition space Is QO =10

T 7T
n
NnN=
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Likelihood Models
2

1 = :iid Gaussian for pixel intensities 2 ® :non-parametric histograms

p(Ip;11,0) = ] GAv — i o?) p(Ip;lz,0) = ] h(Iy)
vER vER
3= : Markov random fields for texture 4 m : spline model for lighting variations
p(IR;13,0) = [[ p(Iu|1y,; 0) p(Ig;la,0) = [[ Gy — Bu; 0?)
vER
1 vER
= H Z—ea:p{— < 6, h(Iy|1y,) >}
vER Y
5=  :iid Gaussian for color (LUV) G®  : mixture of Gaussians for color
(= : spline model for smooth color variations (e.g. sky, shading, ...)
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The Search Space

. A 7-partition atomic

pace particles

atomic™
spaces

a). solution space b). a sub-space of 7 regions C). an atomic space
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A Case Study: Image Segmentation by DDMCMC

W = (na {(wa l’i) 6’%)77’ — 17 ceey ’I’L})
R;: partition (by boundaries)
[;: intensity type 0;. parameters

g

color

0

flat cltter . texture shading flat shading texture

/partition
- I:wn7 | spaces P
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ch

Mean-shift clustering (Cheng, 1995, Meer et al 2001

)

aOl) =dou0-0) |

Input

saliency mapé 1 2

The brightness represents how likely a pixel belongs to a cluster.
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T

Edge detection and tracing at three scales of details:

—
'

i

a). input b). aealel ¢} acale 2  d). acale 3
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Super-pixels and connected components

Sample 1

Sample 2

Sample 3

Stat232B  Swendson-Wang Cut,



an adjacency graph: each vertex is a basic element : pixels, small-regions, edges, ....
each link e=<a, b> is associated with a probability/ratio for similarity

q(e ="on" | F(I@), F(l(h)))

q(e ="off"| F(l@), F(l(k)))
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Clustering in the Partition Space

Sampling the edges independently, we get connected components:

_____________________________________________________________________________________________

_____________________________________________________________________________________________

These connected sub-graphs are the clusters in the partition space

sampling ¢ ~ q(C|F(l)) on €
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The red edges are the bridges E(V°,V, -V °),E(V°,V,. =V )
Accepting the label change proposal with probability:

p(B) p(ﬂvca B: G) ]___[Eej_.':(‘[:’c:‘i’;’“_‘i’;":)(]— - ‘?e)
p(A) p(I'[Ve, A, G) [leepive v, _yey(1—ge)

results in an ergodic and reversible Markov Chain.

}

a = min{l,

Stat232B. Stat Computing and Inference, S.C. Zhu




The Markov chains realized reversible jumps between sub-spaces of varying dimensions.

Within a subspace of fixed dimension, there are various diffusion processes expressed
as partial differential equations.

For example, the region competition for curve evolution (zhu, Lee, and Yuille, 95)

Let v be a point on the boundary between two regions, its motion
Ra is governed by the region-competition equation.

Ry 2 (s) = (X(s), y(s))

), logp(ixy)|e,) . -
it N nayey
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Running DDMCMC

starting with 3 different initial segments below

2
5
1
05}
|
MC 1 MC 2 MC 3 o5 e e eia s e o

energy plots of three MCMCs

v
—

input
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Proposals by Edge Detection at Different Scales
Partition maps: q(partition|F,g,.(1))

|

=

Scale 2 Scale 3
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Segmentation

snapshot of solution W
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Experiments: Color Image Segmentation

Input segment 7* synthesis |~ p( || W)
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Experiments: Color Image Segmentation

Input segment 7* synthesis |~ p( || W)
2!
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Experiments: Color Image Segmentation

Input segment 7* synthesis |~ p( || W)

“., X

Inference,
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a. Input image  b. segmented regions c. synthesis |~ p( || W*
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Image Segmentation

segment ©t* synthesis |~ p( | W*)
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Performance on the Berkeley Benchmark Study
(David Martin et al, 2001)

test images DDMCMC manual segment “error”
¥y measure
. 0.1083
—
0.5627
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Examples of Failure

a. Input image

o)

0y
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b. segmented regions c. synthesis |~ p( 1| W)
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Speed Comparison

3 I I I

Uninformed MCMC

MCMC with clustering

MCMC with both

ground truth

12 1 1 1 1 1 1 1 1 1

0 100 200 300 400 500 600 700 aoo aoo 1000
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Running Time Comparison Against Gibbs Sampler

x 10°
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Time = #sweeps Zoom-in view

Red curve: Gibbs sampler for graph partition and labeling
Blue curve: Improved SW algorithm for graph partition.
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MCMC Kernels consist of many components

Transition kernel is a mixture of many sub-kernels corresponding to
the various operators.

KWy —Wpg) =) ¢.Ka(Ws— Wpg)
a

Each observes detailed balance equation, but may not be irreducible.
p(Wg)Ka(Wy = Wg) = p(WB)Koa(Wp — Wy)

Klr

d

v
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Metropolised Gibbs sampler revisited

Consider a pair of reversible jumps J.., between x and y.

X

Qf L) Q. ()

m

Proposal according to the conditional probabilities --- like a Gibbs sampler
(y) Proposal matrix Q

er(x’ y): Zﬂiﬂ'(y') J yEer(X); B

y'eer(X)

Qum (Y, X)= xe Q. (Y);

D m(x)

XlEQme)
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Diagram for Integrating
Top-down generative and [ K }
Bottom-up discriminative Markov kernel

Methods. / > ”
[ )C4 ;
region model switchin

A

generative
inference

) G Gep

° discriminative
inference

g(wi[Tst1 (D) |q(wo|Tsto(I)) q(w3|Tst3(D)) | g(wa|Tst4(I))
face de% edge detection| | model clustering
I

Input image




KRN =A M s

y'€Qp, (X) X'eQp(y)

We conjecture that the Metropolised-Gibbs sampler is the best design strategy
on average ---- mixing very fast under the constraints of scopes.

But at each step, it need to evaluate the
expensive posterior probability over a rather large scope

er (X) W le (y)
Q (X

We replace the condition probability by bottom-up (discriminative)
methods which are estimated locally with lower cost. We show
that such approximations indeed reduce mixing time.

Stat232B. Stat Computing and Inference, S.C. Zhu



MCMC Moves (Jumps and Diffusions)

K1 Splitting of a region into two.
K1r: Merging two regions into one.
K2:  Switching the model type for a region.

Ks:  Diffusion of region boundary -- region competition (zhu and vuite 1996).

Split Merge Switch Model Diffusion

It integrates a variety of existing segmentation methods in computer vision such as:
Edge Detection, Clustering, Split-merge, Region Competition (Snake, MDL, PDE)...

Stat232B. Stat Computing and Inference, S.C. Zhu



Split and Merge

Consider a reversible jump: W, = (1,(R1,11,01)) < W = (2,(R2,15,05), (R3,13,03))
EWa = Wp) =QWp[Wa F(D)) a(Wa — Wp)

transition‘})robability proposal acceptance rate

Q(Wg|Wy, F(I)) = Q(R2, R3|Wa; Feqge(1)) - Q(l2, 02| R, Wy, Fe(1)) - QU3, 03| R3, Wy; Fe(1))

-

—

q(partition|Feqye(1))

q(0]Fe(1))

Q(RQ: R3|WA; Fedge(I))




Stochastic Diffusion and PDE

y R

The continuous Langevin equation simulates a Markov Chain with stationary density

p(W|I) x exp{—-E(W)/T}

For example, the movement of changing point is driven by

da;(tt) = {[log p(I(z)|l;,0;)—log p(I(x)Ilijj)]—Fﬂx-l—\/F(t)N(o’ 1)}
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Summary: generative vs. discriminative

Bayesian: (Top-down)

p(W) M/;: (w17w27 ,’LU]{;)

Generation s Inference

p(I|W) p(W|I) MCMC sampling

PR
-
I

W* = arg max p(W|I) = arg max p(I|W)p(W)

Data-driven: (Bottom-up) edge  color face

W<“?‘ (’bU]_ ,”LUQ /AR wk’)

a(w;| F;(1)) = p(w;|D),j = 1.k
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From segmentation to parsing

W — (n7 {(CZ?RfL?l'Z?H@)??’ — 17 "‘n})

WORLD PLAYER 2002

Face images of FERET dataset
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Text images of San Francisco street scenes.
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Generic Images parsing

scene

objects

patterns - "};jr.

: COCYE groaps ,f’/’ ”e'?ﬁ ns
fare textire P
color region ext ore
parts =
textons Example: parsing (Tu et al, 2000-2004)
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Integrating generative and discriminative
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Adaboost in the Label Space

---- an example from Viola and Jones, 2001.

a. the first two face features p. an example of face detection

Adaboost is a learning algorithm which makes decision by combining a number
of simple features. As T and training samplers become large enough, it weakly
converges to the log ratio of the posterior probability.

ply=+1|x)
ply=—1|x)

Yy = sign(llhl (x)+---+ lThT(x]) = sign(log )
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Image Parsing Results

Tu, Chen, Yuille, and Zhu, iccv2003

Regions Objects Synthesis
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Image Parsing Results

Input Regions Objects Synthesis
WORLD PLAYER 2002 WORLD PLAYER 2002 WORLD PLAYE:R 2002
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Review: Some MCMC developments related to vision

- Waltz 1972 (labeling) : Metropolis 1946

I !

Rosenfeld, Hummel, Zucker 1976 (relaxation) | | Hastings 1970

Heat bath
Kirkpatrick 1983 /

v / Miller, Grenander,1994
Geman brothers 1984, (Gibbs sampler) l
Swendsen-Wang 1987 (clustering) Green 1995
Swendsen-Wang Cut 2003 l

1 DDMCMC 2001-2005
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