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First Rol Measure: Objectness

e “Region of Interest (Rol)”
o A portion of image that you are interested and want to perform some
other operation on
e “Objectness”
o Measures how likely an image window contains an object of any class
o Can be useful as low-level preprocessing
e Our motivation
o Use Gaussian Process based Bayesian Optimization to find better
parameters for objectness algorithm
o Detect object regions better in the difficult images



Objectness Algorithm: what is an object? ialexe+, cvpR 20101111

e Combinein aBayesian framework 4 image cues measuring characteristics
of objects:
o MS: Multi-scale Saliency (5 parameters)
CC: Color Contrast (1 parameter)
ED: Edge Density near window borders (1 parameter)
SS: Superpixel Straddling (1 parameter)
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Objectness Algorithm: what is an object? ialexe+, cvPR 20101

50 training images

100,000 random windows from each image

Define windows with >0.5 loU as positive windows (and <=0.5 as negative)
For each of the 8 parameters, maximize posterior probability:

0" = arg max H po(obj|CC(w, 0)) =

weYWobj
po(CC(w, 0)|obj) - p(obj)
— arg max
wegob‘] ZCG{ObJ bg} pG(CC('UJ H)I ) p(C)



Model Output

e Generate arbitrary number of target proposal windows with the
potential probability of containing objects.

e Arbitrary numbers of proposal boxes with ranking order with the
probabilities



Model Output
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X1 Y1 X2 Y2 PS3 Top 5 Probability
X1 Y1 X2 Y2 P4

X1 Y1 X2 Y2 P5

X1 Y1 X2 Y2 Pi

X1 Y1 X2 Y2 Pi+l

X1 Y1 X2 Y2 Pi+2

X1 Y1 X2 Y2 Pn

343.7500 136.2656 445.3125 315.5625 0.9425
85.9375 35.8594 187.5000 172.1250 0.9369
93.7500 14.3438 179.6875 294.0469 0.9340

335.9375 150.6094 437.5000 430.3125 0.8896

335.9375 129.0938 429.6875 236.6719 0.8737




Objectness Evaluation

e Use mean Average Precision evaluation method for Top 5 windows
Area(b,(1b,)
d = £
0
Area(b,Ub,)

w. =B
score(CC,ED,SS.MS)
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Gaussian Process and Bayesian Optimization::

Background

= Gaussian process defines a distribution over functions, which can be used to
do Bayesian regression.

p(f|Data) =

p(Datalf)p(f)

p(D)

= GPs are parametrized by their mean and covariance function

p(f) = N (ux),K)

= After u(x) and k(x, x") is defined for prior, the conditional distribution of test
points, (x*, ™), is defined as:

p(f*lx",D) = f p(f*Ix", f, DYp(FID)df
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Using the conditional
independence behavior defined in
graph, the predictions can be
computed as:

u(f*lx*,D) = k(x*,xp)"K~typ
o(xip1) = k(x5 x") — k(x", xp)TK Tk (x", xp)
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Gaussian Process and Bayesian Optimization:

Background

u+Ka\

A
. .

\ / \~/' Y ’
_ Actual function X
Next Sample (unknown)
(Max. of u(x) ) \

Acquisition
Function, u(x)

+»* At each iteration, BO trains a predictive Gaussian Process (GP) using the observed data.
*»*The goal is not to predict whole function, but to predict where global optima is.
+*Mean and variance of GP is used to create an acquisition function, u(x).

“*Next sampling point is determined by finding maximum of u(x).(AUXILLARY OPTIMIZATION)

Predictive GP:

W(xerq) = kKTK Ty
0(Xp41) = k(Xps1,Xe01) — kK"K ™k

Kernel, k & K :
k(xy,%0) - k(xq, x¢)
Ky = [ : 5 ]
k(xg,x1) - k(xe,xt)

An Example Kernel Function:
ARD Matern 5/2:

5
k(xi,xj) = sz (1 +/5r +§r2>e_‘/§T

Training of GP:
Find (0¢,04, 03, ..., 0p) such that
marginal likelihood of GP, L, is max.
1 1
L =log(ICID +5y"C™ty
C = K + 0?1, o =observation noise



Gaussian Process and Bayesian Optimization:
Background

Region for s Region for
p s Exbloration: | Pure Exploitation:
\ s N s
Next N A g \ ,'I g
. ’R\’: i H AN .
Sampling Point : : P
Higho & u :

(balance point)

*»Sampling strategy/acquisition function should balance exploration & exploitation.
»Exploration: Samplingin uncertain areas to learn the underlying function (high o areas).
»Exploitation: Sampling around already good observation. (high u areas).




Gaussian Process and Bayesian Optimization:
BaCkg round Most Popular Acquisition Function:

Probability of Improvement

Probability of increasing best observed value

()= =¢
u(x) = CD( o0x) )
Expected Improvement

The most probable point to give highest increment

ux) =o()[ZP(2) + $(2)]

where 7 = L&'~
o(x)
Upper Confidence Bound:

u(x) = u(x) + Ka(x)

where K = /2In(2nM? /(12n)

+»At each iteration, acquisition function selects the next point by balancing
exploration & exploitation.




Gaussian Process and Bayesian Optimization:
Background

**The sampling point is chosen around global optima, as both u & o are high.




Gaussian Process and Bayesian Optimization:
Background

Examples of stopping

conditions

1) Highest UCB is lower than best
observed point.
(Global Optima w/ high
probability)

2) Design Specification satisfied.

3) Maximum number of expensive
simulations are exceeded.

»After enough exploration, the previously found point is labelled as global optima since
maximum UCB is lower than highest observed value
A proper stopping condition should be selected.




Optimization Framework to Apply BO on
Objectness/Saliency Applications

4 N

Change
hyper-parameters

Re-Train
Objectness/Saliency
Algorithm

l

Calculate goodness of
parameters based on its score
on validation data

CPU
EXTENSIVE

|
»

Initial Hyper parameters of
Objectness/Saliency Detection
Fit a GP using the observed
values
= Build & Maximize Acquisition Function
= Get the next parameters to evaluate
Evaluate parameters

Report Best
Parameters




Second Rol Measure: Saliency Detection

e Problem Definition:
Selectively focus on parts of an image that distinguishes from surrounding
features. Notion of relevance.
e Two Paradigms:
Bottom-up (stimulus driven) vs. Top-down (goal driven)
e Threestages:
S1 - feature extraction
S2 - saliency activation
S3 - master map normalization/combination
e FIGRIM Fixation Dataset:
o 21indoor/outdoor scene categories
o 15 observers per image, 2s duration




Graph- based random walks: “Graph-based Visual Saliency” iHarel, NIPS 20061141

e Motivation:

o Use Gaussian Process based Bayesian Optimization to find
optimal weights for saliency maps combination algorithm (step 3)

o Higher area under ROC curve w.r.t. ground truth annotations
e Unified approach to steps 2-3 using dissimilarity and saliency as edge
weights on Markov chains.
Feature channels (7 parameters: CIORFMD) d((i,5)l|(p,q)) £ M(p, q)

Final map gaussian blur fraction (1 param) N . N o
. .. . wi((i,5), (P q) = d(G NP, 9)  F@E—p,j—q),
o in activation, normalization step (2 params) - <_a2 i b2>

# normalization iterations (1 parameter) ol = 202
Stopping threshold of evaluating equilibrium distribution (1 param)

M(i, j)

log ———=
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Supervised learning using Conditional Random Fields:
“Learning to Detect A Salient Object ILiu, CVPR 20071[5]

Local, regional, and global features optimally combined through CRF  X* = argma,leog P(A™I™;
o Elegant framework to combine multiple features

Unliked MRF (GBVS), CRF’s can use arbitrary features extracted from the whole image

Exact computation of marginal distribution  p(a™|I™; T) is intractable

Jointly optimizing for 3 Salient Object Features Jr(z,I) € [0, 1]:
o Multi-scale contrast flm, ) =) Y @) - )|’

=1 2'eN(z)

o Center-surround histogram fu(z,I)x )  wwx*(R* (@), R5(z')).
{z'|lzeR*(z")}
o  Color spatial-distribution fi@, D) & Y p(elh) - (1= V(e)) - (1 - D(e))
Bayesian Optimizable parameters:

o Learned Edge weights for Belief Propagation network (8 params)
o #clustersin color spatial distribution (1 param)
o #levels of scale pyramid in Multi-scale contrast function (1 param)
O

Epsilon in weighted color spatial distribution (1 param)

)



Result: Objectness

5 parameters that define multi-scale
saliency score are optimized to
maximize the total objectness
score,with a perfect score being 5.

3 different algorithms, namely
GP-UCB, GP-PI and GP-El are
compared in terms of their convergence
rate and final score

All 3 algorithms provided better scores
compared to original parameters in the
paper.

GP-EIl showed the best performance
both in terms of convergence and the
final score.

Objectness Score

=& GP-El
-3=GP-PI
- GP-UCB ]
= Hand-Tuned
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Results: Saliency

7 parameters that define weights of 5
different channels in the image are
optimized to maximize total saliency 2215
score. The total score is calculated for s
30 different images, 30 being the g 21/ — Hand-Tuned||
perfect score. é,w’ -

[72]

(]
2 different algorithms, namely GP-UCB £ 22
and GP-El are compared in terms of 'é"
their convergence rate and final score. 21.95

¥ 0 0 A S 0

Both algorithms provided better scores A9

compared to original parameters in the 21.85
paper, which was equal weights from 1
each channel.

10 20 30 40 50 60 70 80 90 100
Number of lterations



CO m pa Fison. “Graph-based Visual Saliency” vs. “Graph-based Visual Saliency” + BO

Original Image _GBVS map overlayed i GBVS map ove I'| ayed
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CO m pa rison.: “Graph-based Visual Saliency” vs. “Graph-based Visual Saliency” + BO

Original Image
’ ]

GBVS map overlayed ~ GBVS map overlayed _

HAND-TUNED OPTIMIZED



Comparison:
“Graph-based Visual Saliency” ‘07 + BayesOpt. vs. “Learning to Detect A Salient Object” '11

GBVS - optimized (ours) MSRA - baseline
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