M-Best and Diverse M-Best
MAP Inference

Dhruv Batra
Virginia Tech

[ CVPR ‘14 Tutorial on Learning and Inference in Discrete Graphical Models ]



MAP Inference

Person

S(y) = 6i(y) + > 0i;(vi-y5)

i€V (i,j)€& Most Likely Assignment

A
P(wrZ — 5W)
M P(y)

Node Scores /
Local Rewards

argmax S(y)
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Vision in 2000s
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Graphical Models in Vision

Segmentation Object Recognition / Pose Estimation

Motion Flow

Stereo Denoising

| gw e -

Left image Right image Disparity map
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aeroplane boat

Yadollahpour et al., CVPR 2013
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Problems

Human Body # Tree

(C) Dhruv Batra Figure Courtesy: [Yang & Ramanan ICCV “11] 8
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Problems

Not Enough Training Datal!
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Problems
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Biggest Problem

/

Rotating clockwise / Old Lady looking left / One instance /
anti-clockwise?  Young woman looking away? Two instances?
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Problems
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Problems

Single Prediction = Uncertainty Mismanagement

Need: Better Representation of Uncertainty
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Representation of Uncertainty

- This line of work
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Example Result

Diverse Segmentations

person person

Re-ranker ﬂiTiEiEi m
Re-ranked List lL

pefgon
horse “DErSGA dog person person person

pefson
dog personf horse _person

Top Solution
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) MAP in Pairwise MRFs
Oi(L1) Bl

cWthe) | Ouilhy

* Over-Complete Representation

\ L/
Y1 Yn (Y1, y2) | (Yn—1,Yn)
0 — [01(1)91(1{3) Qn(l)en(k:) 012(1,1)...912(k,k> Qn_l,n(l,l)...9n_1,n(k,k’)J
pa(1)... pa(k) pin(1) ... pin (k)
/N FN Y , \Xf D
. 1 0 1 0
o - wi(s) 0 1 1 0
. 0 0 0 0
. 0 0 0 0
. 7 kx1 . y . y . J \ y
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MAP in Pairwise MRFs

G=VE)

* Over-Complete Representation

Y1 Yn (y1, y2) | (Yn—1,Yn)
0 = [91(1)...91(/@ 0n(1)...00(K)  B10(1,1)...01a(k, k) Qn_l,n(l,l)...Qn_l,n(k,kz)J
Ly = [mu)...m(k) (1) (k) paz(1,1) - na(k, k) un_l,nu,1>...un_1,n<k,k>}
Fo N\ o — N g —
y@ g et (1)
I w T Aly) =4
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MAP in Pairwise MRFs

 MAP Integer Program 0
max 6% p
7
(3) (4)
st. Au=25b H H? H
0
p)
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MAP in Pairwise MRFs

 MAP Linear Program 0
max 61 p
M
(3) (4)
st. Au=25b H H

(2)

(1)

* Properties
— If LP-opt is integral, MAP is found
— LP always integral for trees
— Efficient message-passing schemes for solving LP

(C) Dhruv Batra 19
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Diverse M-Best

max Score(y)

Score(y)
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Diverse 2n9-Best

Diversity-Augmented Score
i

max .Score(y) +A- (A(y,yl) — k)

y

<€ Dualize

Sly) + Div(y,y™")

Aly,y") >k

Score(y)

(C) Dhruv Batra y Yy y 21
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Diverse 2n9-Best

Diversity-Augmented Score
']

max .Score(y) +A- (A(y,yl) — k)

y

Sly) + Div(y,y™")

Score(y)

[
. — > Yy
H N K [ |
(C) Dhruv Batra y3 y1 y2 22
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Diverse 2n9-Best

Diversity-Augmented Score
n

f(A) = max Score(y) —+A\- (A(yyyl) _ k)

y
« Lagrangian Relaxation

Dual min f(})

A>0
Subgradient Descent
A V) = (Alyx') — k)
C Non- th
:Vf()\(o)) v Wf(,\“‘) oncave ( on. smooth)
e - Upper-Bound on Div2Best Score
— == == = — ————————— ————— Div2Best score
> )\
A\ (0) AL
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Diverse 2n9-Best

Many ways to solve:

1. Subgradient Ascent. Optimal. Slow.
2. Binary Search. Optimal for M=2. Faster.
3. Grid-search on lambda. Sub-optimal. Fastest.

(C) Dhruv Batra 24
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Effect of Lagrangian Relaxation
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Effect of Lagrangian Relaxation

(C) Dhruv Batra
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Theorem Statement

 Theorem [Batra et al '12]: Lagrangian Dual

corresponds to solving the Relaxed Primal:
« Based on result from [Geoffrion 74]

Dual rAn>118 LagrangianDual(\)
Relaxed Primal max  » 6;-pit ) 0 pi

st. e Co{mi(-),mi;(-) € {0,1} | p € C}
Ap, pM) > k
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Diversity

« Hamming Diversity

(C) Dhruv Batra 28



]
Hamming Diversity

= > i # il

eV

« Diversity Augmented Inference:

max S(y) +\- A(y,yl)

y

=) Oi(yi) + > iy, y) + AA(y,y")
ey (i,)€EE

_Z< yz ‘|‘>\ y@#yz ) + Z eij(yiyyj)
ey (i,4) €€
i J

L
0;
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Hamming Diversity

Aly,y") =D [y # vl

eV

« Diversity Augmented Inference:

for i =1,2,...,n
Unchanged.

0; [y;1 —= A Can still use graph-cuts!
endfor

y2 = Flnd_MAP(ez, (9@])

Simply edit node-terms. Reuse MAP machinery!

(C) Dhruv Batra
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Interactive Segmentation

o Setup
— Model: Color/Texture + Potts Grid CRF
— Inference: Graph-cuts
— Dataset: 50 train/val/test images from PASCAL

Image + Scrlbbles 2"d Best MAP Diverse 2"d Best

1-2 Nodes Flipped 100-500 Nodes Fllpped

(C) Dhruv Batra



(C) Dhruv Batra

Example Result

Diverse Segmentations lL

pergon
dogwmpersony horse

person person

Now what?

person
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Your Options

* Nothing

— Additional Information: None
— User in the loop

* (Approximate) Min Bayes Risk
— Additional Information: Loss function
— Approximate P(y|x); Optimize Bayes Risk

* Re-ranking
— Additional Information: higher-order or temporal features
— Pick a good solution from the list

A4
Increasing Side Information

(C) Dhruv Batra 33



Statistics 101

Loss L(y",y)
— Hamming, Pascal, ...

A
P(y)
(11 7 - - . t _
True” Distribution P(y? | x) = ’\/\/\/\
Fit model (CRF, etc) to mimic

m sa @O0

YMmAP

« Expected Loss: BR(y) =Ep(yx) LY. ¥)]
. Min Bayes Risk min ), Ly*,¥) Py [x)
yitey
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DivMBest for MBR

 Min Bayes Risk

« Two Problems

* Approximate MBR:

(C) Dhruv Batra

min L(v9t v) P(y9®
min > Ly, 9) Py |x)
yIatey

[

min
yeDivMBest

‘Intractable’ Intractable’

> L™y Py x)

y9te DivMBest

/'\/\1 y
m 3= Imom
NAY VN E 35



DivMBest for MBR

e )

MxM

: gt & P gt
e Z L(y?,y) P(y”|x)
y9te DivMBest

§ ‘PerS dog o $
o S I :
36
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DivMBest for MBR

L(e =) oSC )

JSC )

MxM x1

1 gt gt
epmin > L) Py Ix)
y9tc DivMBest

pefgon
dog personf horse _person
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DivMBest for MBR

« Diversity Augmented Inference with Hamming:

for i =1,2,...,n
0; [y;1 —= A
endfor

y® = Find MAP(0;, 0;;)
« Empirical MBR prediction [PBT CVPR14]

. ot - o
S’EDl;'r’llJll\r/IlBest Z E(y ) Y) P(y ‘X)
y9t€ DivMBest
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Pose Estimation

o Setup
— Model: Mixture of Parts Tree [Park & Ramanan, ICCV ‘“11]
— Inference: Dynamic Programming
— Dataset: PARSE

head

torso

r.arm

(C) Dhruv Batra Image Credit: [Yang & Ramanan, ICCV “11]
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Pose Estimation

(C) Dhruv Batra [Premachandran, Tarlow, Batra, CVPR14] 40



Pose Estimation

. State of art

88% DivMBest (Oracle)
Better
AN Wm;
83% >, -
22%-gain possible
78% 5
Same Features
230, Same Model
° _ MBR [P 1B, CVP14]
~5% Gain
| (AE A A AAAAA AAA A AR A
68% 2604 Same Model R
ad - No new information!
63% [Yang & Ramanan PAMI]
58% |
530/0 T T T T T T T T T
1 6 11 16 21 26 31 36 41 46

#Solutions / Frame

(C) Dhruv Batra [Premachandran, Tarlow, Batra, CVPR14]
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I
Your Options
* Nothing

— Additional Information: None
— User in the loop

* (Approximate) Min Bayes Risk

— Additional Information: Loss function
— Approximate P(y|x); Optimize Bayes Risk

* Re-ranking
— Additional Information: higher-order or temporal features
— Pick a good solution from the list

(C) Dhruv Batra 42



Pose Tracking

« Chain CRF with M states at each frame

DivMBest
Solutions

(C) Dhruv Batra Image Credit: [Yang & Ramanan, ICCV “11] 43
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Pose Tracking

MAP DivMBest + Viterbi

(C) Dhruv Batra 44
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Pose Tracking

85%
Better DivMBest (Re-ranked)
T 80% - — -
13% Gain
§ 75% - Same Features
= Same Model
§ 70% [Park & Ramanc.., .c 20 0, o eiicl)
< -
&5 65%
al
60%
559, Confidence-based Perturbation (Re-ranked)
(o]
O N N L N v .
0
50%
450/0 I T T T T T ]
1 51 101 151 201 251 301

#Solutions / Frame
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Semantic Segmentation

o Setup
— Models: Second-Order Pooling Flat CRF [Carreira ECCV12]
— Inference: Greedy Pasting
— Dataset: Pascal Segmentation Challenge (VOC 2012)

« 20 categories + background; ~1500 train/val/test images

(C) Dhruv Batra



Semantic Segmentation

Input MAP Best of 10-Div

dog

person

diningtable

horse

person

(C) Dhruv Batra 47
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Semantic Segmentation

DivMBest (Oracle)
Better -
s 59%
& . .
®  56% 15%-gain possible
>
S Same Features
< Same Model
- 53% 1
<
>
o

50%

47% -

) i -~ O > e MAP
, < > 2 [Carriera ECCV12]
1 2 3 4 5 6 7 8 9 10
Rand (Re-rank) #Solutions / Image
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Large-Margin Re-ranking

pefgon
PELSON dogumllerson horse “person

(C) Dhruv Batra [Yadollahpour, Batra, Shakhnarovich, CVPR13] 49



Large-Margin Re-ranking

pefgon
PELSON dogumllerson horse “person

()

(C) Dhruv Batra [Yadollahpour, Batra, Shakhnarovich, CVPR13] 50



d% ~, D Al
Diverse Segmentations lL

pefgon
person dogum.DErSON

(C) Dhruv Batra

o (ed, B —a") (e

A IED)

[Yadollahpour, Batra, Shakhnarovich, CVPR13]
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Large Margin Re- ranklng

Diverse Segmentations lL

pefson
dog person

person

: 2
min |a||” +C ;
wp al -3¢

—aT (e

9 8%
]

(C) Dhruv Batra [Yadollahpour, Batra, Shakhnarovich, CVPR13] 52
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Semantic Segmentation

DivMBest (Oracle)
Better
> 59%

>
&)
©  56%
-}
Q
Q
<
Z:I 53%
2
al

50% :

DivMBest (Re-ranked) [CVPR13]
47%
. > * ~- e « MAP
K ~s [Carriera ECCV12]
440/0 T T T T T T T T plr.p\lir)“q $tate Of art
1 2 3 4 5 6 7 8 9 10
Rand (Re-rank) #Solutions / Image

(C) Dhruv Batra [Yadollahpour, Batra, Shakhnarovich, CVPR13] 53



MAP as a Sampler!

A A o
= = 1
Z Delta T
5 | > 5
0] . . N
m Approximation I
- j Yy > )
y y y' oy y! y y' oy

 Intractable Quantities
— Bayes Risk
— Partition Function
— Entropy

(C) Dhruv Batra o4



]
Summary

» All models are wrong
« Some beliefs are useful

* Focus on optimization error is unhelpful
— The goal is low generalization error

* Diverse Multiple Solutions
— A way to get useful beliefs out.

« DivMBest +
MBR / Reranking / Active-Learning / Faster Training

— Big impact on many applications!
(C) Dhruv Batra 55



Summary

« What does my model believe?

Posterior Summary

=

(C) Dhruv Batra
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(C) Dhruv Batra

Thanks!

S57



Active Learning

Train Query
Pick images
to annotate Diverse solutions for
each unlabeled image
=7 Sort by
2.s (approx.) entropy

Delta

I

) Approximation

Score(y)

(C) Dhruv Batra [Sun, Laddha, Batra, Under Review] 58



Active Learning

* High Entropy, Accurate MAP

<A
<

=
b

Probability
-

-

12345678910
(C) Dhruv Batra Segmentatlon

N 3 y5 y7
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Active Learning

 Low Entropy, Accurate MAP

i ik
i,

12345678910
(C) Dhruv Batra Segmel’ltatlon 60

=
b

Probability
-

-



]
Active Learning

e=Random Gibbs ™= DijvMBest
Better
o 71%
69%
> 67
& (V
| -
>
S 65%
<

63%

61%

59%

S57%

550/0 T T T T T T T T T T T T T T T T T T T T T T 1
1 4 7 10 16 25 40 95

#Image Annotated

(C) Dhruv Batra [Sun, Laddha, Batra, Under Review] 61
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Improved Learning

» Classical Setup

for t = 1,...,converged
y' = Find MAP(0;, 0;;)

6 = Update (0, d(x,y""), o(x,y"))

endfor

(C) Dhruv Batra 62
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How to update?

6 = Update (8, ¢(x,y?"), d(x,y"))

« Structured SVMs
— Subgradient of Hinge Loss

9(t+1) = H(t) +n [¢(X7 ygt) o ¢(X’ yl)]
 CRFs

— Gradient of log-liklihood

ot = o) 1 p [(b(x, y") — Eq [p(x, Y)]]

. [Meier, Sha, Globerson] 2. ¢(x¥) Pylx:6)

yEeDivMBest

(C) Dhruv Batra 63



Training SSVMs

(C) Dhruv Batra

Structured SVM

Standard Approach, M=1

Exponential number of constraints.
Cutting-Plane!

[Guzman-Rivera, Kohli, Batra, AISTATS ‘“12]

8 -1 -1 -1
7 ) '2 ) '2
© : 13
= 3 3 ¢
46 5 s 0o a000
Q2 - / /
o W W e
1 1 = ¥
4000 ) -2 ) -2 ) -2 “ /
8500 100 290 “I-3 -3 -3
f 000 2500 200 100 ° W 5 -4 5 -4 5 -4
) 3" -5 -5
6
3 g 3 gy ! % o
A% W A%
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Structured SVM

« Training of SSVM with Diverse M-Best Cutting Planes

4
10 é
- ’;-‘L -» 7Y . MAP
o ‘& 7Y . DivMBest(M=4,K=0.0128)
i A 7Y I MBest(M=4)
3 ‘ Y : Rand(M=4,K=0.0128)
) 10 ¢ o -® 7Y @ DivM Best(M=8,K=0.0064)
= ik A 7Y 1 MBest(M=8)
8 “l Y : Rand(M=8,K=0.0064)
o) A W
O 2 RN
(@)] 6‘10 “\ \\A‘\ ‘\.. k“a:
.E 0" \‘ 0;“ ‘Av’ ,n-
c LS A MAP
E " “" "‘0. "' ('R "
= LV A A L
1 L
10 iy
Better : DivMBest
0
10 =
0 500 1000 1500
Iteration

(C) Dhruv Batra
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Machine Translation

Input:

Die Regierung will die Folter von “Hexen” unterbinden und gab eine Broschure
heraus

5-Best Translations:

The government wants the torture of ‘witch’ and gave out a booklet
The government wants the torture of “witch” and gave out a booklet
The government wants the torture of ‘witch’ and gave out a brochure
The government wants the torture of ‘witch’ and gave out a leaflet
The government wants the torture of “witch” and gave out a brochure

(C) Dhruv Batra [Gimpel, Batra, Dyer, Shakhnarovich, EMNLP13] 66
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Machine Translation

Input:

Die Regierung will die Folter von “Hexen” unterbinden und gab eine Broschure
heraus

Diverse 5-Best Translations:

The government wants the torture of ‘witch’ and gave out a booklet

The government wants to stop torture of “witch” and issued a leaflet issued

The government wants to “stop the torture of” witches and gave out a brochure
The government intends to the torture of “witchcraft” and were issued a leaflet
The government is the torture of “witches” stamp out and gave a brochure

(C) Dhruv Batra [Gimpel, Batra, Dyer, Shakhnarovich, EMNLP13] 67



-]
Machine Translation

Input:
Die Regierung will die Folter von “Hexen” unterbinden und gab eine Broschure
heraus

Diverse 5-Best Translations:

The government wants the torture of ‘witch’ and gave out a booklet

The government wants to stop torture of “witch” and issued a leaflet issued

The government wants to “stop the torture of” witches and gave out a brochure
The government intends to the torture of “witchcraft” and were issued a leaflet
The government is the torture of “witches” stamp out and gave a brochure

Correct Translation:

The government wants to limit the torture of “witches,’ a brochure was released

(C) Dhruv Batra [Gimpel, Batra, Dyer, Shakhnarovich, EMNLP13] 68



Arabic-English Reranking Results

52

51.5

51

BLE
U ® | 000-best
50.5 M diverse
50 -
495 -
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Interactive Segmentation

Better 9%
N +3.62%
S 95% -
©
o
O 94% -
<é +1.61%
2 93% -
8
o
e 92% - +0.05%
(@)
(D)
D 919, -
90% -
89% .
MAP M-Best-MAP Confidence DivMBest
(Oracle) (Oracle) (Oracle)
M=6
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MAP Integer Program

7~

max S(y z«(ey@esze;] ﬁ%?

(2,3)

~ a
g kx1

(C) Dhruv Batra 71



MAP Integer Program

max S(y Z [ 0:( ] ‘|‘Zeij(yiayj)

(4,9)

kx1

(C) Dhruv Batra 72



MAP Integer Program

+Zeij(yiayj)

(4,9)

maXS Z[ 0, ( ]

kx1
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MAP Integer Program

0
max S(y Z [ 0;( ] (1) ‘|‘Zez‘j(yiayy’)
0

(4,9)

kx1

(C) Dhruv Batra 74



MAP Integer Program

0
max S(y Z [ 0;( ] g ‘|‘Zez‘j(yiayy’)
1

(4,9)

kx1

(C) Dhruv Batra 75



MAP Integer Program

- N

maXS Z[ ]

-~ O o o

3 (e 00 ) o]

(4,9)

kx1

.~ " J k2x1

(C) Dhruv Batra :



MAP Integer Program

tmiax S(y Z ax 0 () ZHZ- ]I-L[WLOX Orf i (- -] Mz’j(.sat)'

(¢.5)
st i), p J() E{l@ﬂl}

~ " S e

‘ f

L " ﬂnD

(C) Dhruv Batra Xnvap 7




MAP Integer Program

nec Zei‘ﬂz’"‘zgz’j'/}'ij
L (4,5)
st pi(+), pmig(-) € {0,1}

! J
I

Graphcuts, BP, Expansion, etc

N aa @ ="

(C) Dhruv Batra MAP 78
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Diverse 2n9-Best

lzlgéi gei'ﬂi"‘uzj)gij',u/ij

s.1. Ni(')?ﬂ/ij(') = {071}

/ A(p, pM) > &
Diversity

MAP

Nepsy ) > &

B SE oo

Xnap

79
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Diverse M-Best

max gei‘ﬂi+@zj)9ij'ﬂij
st pi(+), pij (1) € {0,1}
Alp, pM) > k
Ap, p®) > k

Alp, pM=D) > k

Alp, p M) > k

A Alp, p®) > k
Alp, p™=1) > & [ Ry

P(X)

B o3 m

(C) Dhruv Batra Xnap 80
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Diverse 2n9-Best

ngg ggi‘ﬂi+uzj)9ij'ﬂij

st pi(+), pis (1) € {0,1}
Alp, pM) > k

Q1: How do we solve DivMBest?

Q2: What kind of diversity functions are allowed?

Q3: How much diversity?

(C) Dhruv Batra 81
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Diverse 2n9-Best

Diversity-Augmented Score

max . 9@‘}1@4— 92/1/@ +A- A([,l,,/,l,(l))—k
Primal HeC Z (2;) s o )

s.t. Ni(')?ﬂ/ij(') S {071}

€ Dualize

Sly) + Div(y,y™")

P(X)

B Sm om0

(C) Dhruv Batra Xnrap 82
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Diverse 2n9-Best

o Lagrangian Relaxation Diversity-Augmented Score
fA) = %gé( Zei C T Z 05 - pij +\- (A(p,,p,(l)) - k)
g (2,)

st (), pig(-) € {0,1;

Dual min f(})

A>0
1) Subgradient Descent
A Vi) = (A(afu™) - k)
o \
C Non- th
O gy G Narmont)
- pper-Bound on Div2Best Score
o = = — ————————— ————— Div2Best score
> )\
A\ (0) AL

(C) Dhruv Batra 83



-
Diverse 2n9-Best

Many ways to solve:

1. Subgradient Ascent. Optimal. Slow.
2. Binary Search. Optimal for M=2. Faster.
3. Grid-search on lambda. Sub-optimal. Fastest.

(C) Dhruv Batra 84
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Theorem Statement

 Theorem [Batra et al '12]: Lagrangian Dual

corresponds to solving the Relaxed Primal:
« Based on result from [Geoffrion 74]

Dual rAn>118 LagrangianDual(\)
Relaxed Primal max  » 6;-pit ) 0 pi

st. e Co{mi(-),mi;(-) € {0,1} | p € C}
Ap, pM) > k

(C) Dhruv Batra 85
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Effect of Lagrangian Relaxation
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Effect of Lagrangian Relaxation

(C) Dhruv Batra
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Effect of Lagrangian Relaxation

 [Mezuman et al. UAI13]

% of Integral Solutions Average Integrality Gap

: c 0.154[ + k=2
] S ] z k=4
] 5 k=5
@ 0.8 X o * k=6 +
= ] % © x k=8
2 1 o 0.1
8 0.6 * X 2 +
o ] * + Z
(@] i o
g 0.4 = . K
5 [ + k=2 ¥ + 2 0.057 + * 4
R, ¥ k4 X 2 © ] § A «
02—_ A k=5 i 8 . * *
] * k=6 <€ ] X
1| % : i 3 =
0 T T T I T T T T I T T T T I T T T T I T T T T I T T T T I 1 0_*| T T I T T T I T T T T I T T T T I T T T T I T T T T I 1
0 0.05 0.1 0.15 0.2 0.25 0.3 0 0.05 0.1 0.15 0.2 0.25 0.3
Pairwise Potential Strength Pairwise Potential Strength
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Diverse 2n9-Best

Lnellcl zi:gi'uiﬂL%eij © i

s.it. pi(-), pij(-) € {0,1}
Alp, pM) > k

Q1: How do we solve DivMBest?

Q2: What kind of diversity functions are allowed?

Q3: How much diversity?

(C) Dhruv Batra 89
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Diversity

« Hamming Diversity

(C) Dhruv Batra 90
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Hamming Diversity

) Z“ e

[0100]

o O -~ O

o o -~ O

91



]
Hamming Diversity

(1) Z 220 2(1)

1€V

« Diversity Augmented Inference:

I/,I:,lgé( ZO M ZO'LJ pij + AA(p, “(1))
(4,5)

—Z( ) Nz"‘zgw i

J (4,9)

'~
0;
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Hamming Diversity

(1) Z 220 2(1)

1€V

« Diversity Augmented Inference:

for i =1,2,...,n
Unchanged.

0, [yil] -= )\ Can still use graph-cuts!
endfor

y2 = Flnd_MAP(ez, (9@])

Simply edit node-terms. Reuse MAP machinery!

(C) Dhruv Batra
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-
Diverse 2n9-Best

Lnellcl zi:gi'uiﬂL%eij © i

s.it. pi(-), pij(-) € {0,1}
Alp, pM) > k

Q1: How do we solve DivMBest?

Q2: What kind of diversity functions are allowed?

Q3: How much diversity?
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How Much Diversity?

P(X)

« Empirical Solution: Cross-Val for k

« More Efficient: Cross-Val for \

(C) Dhruv Batra
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Qualitative Results: Success

Original Image Ground Truth

Sol #1 (MAP) Sol #2 Sol #3 Sol #4 Sol #5 Sol #6 Sol #7 Sol #8 Sol #9 Sol #10

o l . l l l
33.90% 23.33% 87.05% 76.86% 75.80% 31.60% 74.50% 95.05% 31.17% 42.03%
Sol #8 Sol #3 Sol #7 Sol #5 Sol #10 Sol #6 Sol #4 Sol #9 Sol #2 Sol #1 (MAP)

Automatically

Re-ranked

95.05% 87.05% 74.50% 75.80% 42.03% 31.60% 76.86% 31.17% 23.33% 33.90%
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Qualitative Results: Success

Original Image Ground Truth

e '.* “

Sol #1 (MAP Sol #2 Sol #5 Sol #8 Sol #9 Sol #10

A A he

34.89% 32.41% 56.65% 55.24% 56.25% 54.21% 56.31% 51.69% 51.67% 49.72%

DivMBest

Sol #3 Sol #4 Sol #5 Sol #6 Sol #7 Sol #8 Sol #10 Sol #9 Sol #1 (MAP Sol #2

Automatically
Re-ranked

s . ...1
56.65% 55.24% 56.25% 54.21% 56.31% 51.69% 49.72% 51.67% 34.89% 32.41%
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Qualitative Results: Success

| Image Ground Truth
AR

" Sol #1 (MAP Sol #2 Sol #4 Sol #5 Sol #6 Sol #7 Sol #10

34.92% 43.95% 44.83% 29.25% 44.74% 27.50% 37.26% 29.16% 35.00% 27.55%

Sol #3 Sol #5 Sol #2 Sol #9 Sol #4 Sol #7

35.00% 29.25% 37.26%

Sol #1 (MAP Sol #6 Sol #8 Sol #10

Automatically
Re-ranked

44.83% 44.74% 43.95% 34.92% 27.50% 29.16% 27.55%
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Qualitative Results: Failures

Original Image Ground Truth

Sol #1 MAP Sol #2 Sol #3 Sol #4 Sol #5 Sol #6 Sol #7 Sol #8 Sol #9 Sol #10
o ..:...
68.53% 64.02% 26.04% 54.04% 45.38% 64.10% 25.39% 45.38% 44.38% 54.41%
Sol #3 Sol #1 (MAP) Sol #4 Sol #7 Sol #2 Sol #5 Sol #6 Sol #8 Sol #9 Sol #10
Automatically
Re-ranked

26.04% 68.53% 54.04% 25.39% 64.02% 45.38% 64.10% 45.38% 44.38% 54.41%
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Qualitative Results: Failures

Original Image Ground Truth

Sol #1 (MAP Sol #2 Sol #3 Sol #4 Sol #5 Sol #6 Sol #7 Sol #8 Sol #9 Sol #10

o . . .

96.28% 60.62% 28.06% 16.81% 29.79% 29.35% 74.35% 24.07% 32.19% 13.58%

Sol #5 Sol #9 Sol #1 (MAP Sol #6 Sol #8 Sol #7 Sol #2 Sol #3 Sol #10 Sol #4

Automatically
Re-ranked

29.79% 32.19% 96.28% 29.35% 24.07% 74.35% 60.62% 28.06% 13.58% 16.81%
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Qualitative Results: Failures

Original Image Ground Truth

Sol #1 (MAP) Sol #2 Sol #3 Sol #4 Sol #5 Sol #6 Sol #7 Sol #8 Sol #9 Sol #10

o .l
92.15% 56.48% 54.32% 47.83% 52.49% 41.89% 45.73% 46.63% 26.02% 24.00%
Sol #2 Sol #3 Sol #1 (MAP) Sol #4 Sol #5 Sol #8 Sol #6 Sol #7 Sol #9 Sol #10

Automatically A

Re-ranked

56.48% 54.32% 92.15% 47.83% 52.49% 46.63% 41.89% 45.73% 26.02% 24.00%
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Higher-Order Dissimilarity

« Cardinality Potential
#p = Z i (1)

Ap, pV) = { (#h — (7)%“(1))2 if #p>#p®
else

« Efficient Inference

— Cardinality [Tarlow “10]
— Lower Linear envelop [Kohli “10]
— Pattern Potentials [Rother “10]

#p
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Example Results

Smaller than MAP Bigger than MAP
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