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e pixel-wise labeling
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e pixel-wise labeling

e spatial coherence
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[1] TextonBoost for Image Understanding: Multi-Class Object Recognition and Segmentation by Jointly Modeling
Texture, Layout, and Context, Shotton et.al. 2009 8
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* Train classifier y(l)
 for each class |

 TextonBoost [1]

[1] TextonBoost for Image Understanding: Multi-Class Object Recognition and Segmentation by Jointly Modeling
Texture, Layout, and Context, Shotton et.al. 2009 8



Classification

* Train classifier y(l)
* for each class |
 TextonBoost [1]

* Pixels independent

* noisy classification

[1] TextonBoost for Image Understanding: Multi-Class Object Recognition and Segmentation by Jointly Modeling
Texture, Layout, and Context, Shotton et.al. 2009 8



Classification

* Train classifier y(l)
* for each class |
 TextonBoost [1]
* Pixels independent
* noisy classification
e Large regional context 4
8

 Inaccurate around
boundaries

[1] TextonBoost for Image Understanding: Multi-Class Object Recognition and Segmentation by Jointly Modeling
Texture, Layout, and Context, Shotton et.al. 2009 8



X
C

.
'l

N B = =
f\kﬁ " h\l’. .&\ﬂ\‘. . 2




Random Field Models

B(X) =) wi(X)+ ) wi(Xs, X))

/-

unary term pairwise term
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Random Field Models

E(X) =Y (X)) + 05X, X;) g~
i i,jEN S
unary term pairwise term
1

* Probabilistic interpretation P(X) = ~ exp(—FE (X))
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Random Field Models

B(X) =) wi(X)+ ) wi(Xs, X))

/-

unary term pairwise term

A1 1O
SE9n

* Probabilistic interpretation P(X) = a exp(—FE (X))

* MAP inference 4
 most likely labeling
* lowest energy
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Random Field Models
E(X) = Z%‘(Xi)ﬂL DRV (i, X ;)

1,JEN

Pi(Xi,Xj) = 0

unary term
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Random Field Models
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conditional random field
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Random Field Models
E(X) = Z%‘(Xi)ﬂL DRV (i, X ;)
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Yii(Xi, Xj) = 100[Xi#X]]

conditional random field
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Random Field Models
E(X) = Z%’(Xz‘)ﬂL DRV (i, X ;)

1,JEN

Yii(Xi, Xj) = 100[Xi#X]]

Bynd

conditional random field
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Random Field Models
E(X) = Z%‘(Xz')Jr DRV (i, X ;)

1,JEN
Pii(Xi,Xj) = wij[XizX]]

wi=exp(-a(ci-cj))

—r——

conditional random field
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Random Field Models

E(X) = Z%(Xz‘) D (X, X)

1,JEN

Wii(Xi,Xj) = Wii[XizXj]

wi=exp(-a(ci-cj))

weight horizontal
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Random Field Models
E(X) = Z%’(Xz‘)ﬂL DRV (i, X ;)

1,JEN
Pii(Xi,Xj) = wij[XizX]]

wi=exp(-a(ci-cj))

weight vertical

15



Random Field Models
E(X) = Z%‘(Xz')Jr DRV (i, X ;)

1,JEN

Yii(Xi, X;) = 100w;[XizXi]

conditional random field
color sensitive
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Random Field Models

Pros:

* Probabilistic interpretation
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Random Field Models

Pros:
* Probabilistic interpretation

 Parameter learning
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Random Field Models

Pros:

* Probabilistic interpretation
 Parameter learning

« Combine with other models
Cons:

e Shrinking bias

 Models only local interactions

e hard for information to
propagate
1574
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Filtering

classifier log likelihood

155,



Filtering

blurred log likelihood
Gaussian gs=2pXx
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Filtering

blurred labeling
Gaussian gs=2pXx
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Filtering

blurred labeling
Gaussian gs=6px
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Filtering

blurred labeling
Gaussian gs=6px
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Filtering

blurred labeling
Bilateral 0s=60pXx oc=15
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Filtering

Conditional Random Field (CRF)
color sensitive
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[2] Fast High-Dimensional Filtering Using the Permutohedral Lattice, Adams et.al. 2010
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Filtering
”177; — Zwijvj ‘
J

wij = exp(-(si-sj)*/os) exp(-(ci-cj)?/oc)

)
\ b~
3 -4 ] ' -..'l‘ ',‘ % .'- el 4 _!‘, :
e fv A -..{.‘.. \'Tb: ’h‘?‘,'t\‘ s',b "
2 58 A e o 1R : 4]

TN
) ﬁ-ﬁ“’“'/

L 9 o ‘Q. » A
3 it 'R "'n\ A, ‘I’ A ) A

[2] Fast High-Dimensional Filtering Using the Permutohedral Lattice, Adams et.al. 2010
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Fllterlng
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Filtering
”177; — Zwijvj
J

wij = exp(-(si-sj)*/os) exp(-(ci-cj)?/oc)

e Efficient convolution
 Permutohedral lattice [2]
e compute all vi in linear time

 50-100ms / image

[2] Fast High-Dimensional Filtering Using the Permutohedral Lattice, Adams et.al. 2010
2L
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Filtering

Pros:

 Propagates information over
large distances

* up to 1/3 of image

Cons:

 No probabilistic interpretation
* No joint inference

 No learning
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Dense Random Fields
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Dense Random Fields
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Dense Random Fields

B(X) =) wi(X)+ ) (X, X))

/.

unary term pairwise term
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Dense Random Fields

B(X) =) wi(X)+ ) (X, X))

/ i,jeN \

unary term pairwise term

 Every node is connected to every other node
 Connections weighted differently

30



Dense Random Fields
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Dense Random Fields

Pros:
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Dense Random Fields

Pros:
 Long range interactions

* No shrinking bias

Probabilistic interpretation
e Parameter learning

e Combine with other models
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Dense Random Fields
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Dense Random Fields

cons:
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Dense Random Fields

Cons:
e Very large model

* 50°000 - 100°000 variables

* billions pairwise terms
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Dense Random Fields

Cons:

e Very large model
e 50’000 - 100°000 variables
* billions pairwise terms

e Traditional inference very slow
« MCMC “converges” in 36h

 GraphCuts and alpha-exp.: no
convergence in 3 days
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Dense Random Fields

o Efficient inference
 0.2s/image
e Pairwise term

 |inear combination of
Gaussians

34



Dense Random Fields

FX = Z zpi(Xi)nLZ Vi (X, X;)

1>
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Dense Random Fields

> DRy
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Vi5(Xi, Xj) = Z KT (X5 X ;)
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Dense Random Fields
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Gaussian kernel kim
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Dense Random Fields
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Dense Random Fields
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Dense Random Fields

M1 (Xiv Xj)

L2 (X’L ; Xj)
e Label compatibility
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Dense Random Fields

i )

2 2
ol 207

(i, Xj) =p1( Xy, X5)EXP (

Bi—SHQ\
lu2 (X’H X]) eXp 20_2 |
e Label compatibility AR

« Potts model: u(Xi,Xj) = [XizX]]
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Dense Random Fields
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Dense Random Fields
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e Label compatibility
e Potts model: u(Xi,Xj) = [Xi#X]|]
 Learned from data

 Appearance kernel
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Dense Random Fields
8 — s, )

,ul(Xz-, XJ) EXP (

2 2
20 205

84

e Label compatibility
e Potts model: u(Xi,Xj) = [Xi#X]|]
* Learned from data
 Appearance kernel

e Color—sensitive
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Dense Random Fields

|
e Label compatibility i

* Potts model: u(Xi,Xj) = [Xi#X|]

* Learned from data
 Appearance kernel

* Color—sensitive

e Local smoothness
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Dense Random Fields

|
e Label compatibility i

* Potts model: u(Xi,Xj) = [Xi#X|]

* Learned from data
 Appearance kernel

* Color—sensitive

e Local smoothness

 Discourages single pixel noise
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Efficient iInference

F(X= Z %(Xz'H‘Z Vi (X, Xj)

1>]
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EfflCle‘lne_rence

Find most likely a=~ 6 (MAP)

e e

Mean Field approximation

Find Q(X)=[TiQi(Xi) close to P(X) in terms of
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Mean-Field approximation
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Mean-Field approximation




Efficient inference
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Efficient message passing

» Update all variables simultaneously

Q. Z K™ (fi, £)Q; ()

e Gaussian Convolution

e Efficient approximation
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Parallel Mean-Field



Parallel Mean-Field

* Not guaranteed to converge for general models
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Parallel Mean-Field

* Not guaranteed to converge for general models

 Guaranteed to converge for fully-connected models with
negative definite label compatibility

e Potts models

e L1 norms
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Parallel Mean-Field

* Not guaranteed to converge for general models

 Guaranteed to converge for fully-connected models with
negative definite label compatibility

* Potts models
e L1 norms
* Proof see Thesis or [3]

 Reduction of Parallel Mean-Field to CCCP

[3] Parameter Learning and Convergent Inference for Dense Random Fields,
Krahenbihl and Koltun, ICML 2013 42



How fast will it converge
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O iterations

Q(bird) Q(sky)
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Q(sky)

Q(bird)
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Results - MSRC
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Results - MSRC

unary grid fully con.

MSRC dataset

# grass grass grass
‘\ J bird bird bird
o 591 i g ‘:;;ﬂi . water LB water T
mages ‘
g e - ’uJ buw building bw
S i i tree 1 tree P “® tree
Z i road road road
* 21 classes —
P 1 cow e cow
TIME GLOBAL AVERAGE | s grass grass grass

UNARY - 84.0 /6.6
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Results - MSRC

MSRC dataset

591 Images

e 21 classes

unary grid fully con.

grass grass grass
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' 4. bird bird bird
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Results - MSRC

MSRC dataset

* 591 iImages

e 21 classes

TIME GLOBAL

AVERAGE | =i

UNARY

- 84.0

/6.6

GRID CRF

1s 84.6

(7.2

FC CRF

0.2s 86.0

78.3

St

unary grid fully con.

grass grass grass
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water tree water water
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Results - MSRC

MSRC dataset
591 Images

e 21 classes

TIME GLOBAL AVERAGE | =

UNARY - 84.0 /6.6

GRID CRF 1s 84.6 (7.2

FCCRF 0.2s 86.0 78.3

FILTER 0.05s 85.0 (7.5
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Results - MSRC
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Results - MSRC

MSRC Accurate annotations
94 images

 hand annotated (30 min each)
e unary train on standard anno.

 5-fold cross validation

GLOBAL AVERAGE

UNARY 83.2+1.5  80.6+2.3

GRID CRF 84.8+1.5 82.4+1.8 g 'aSs

FC CRF 88.2+0.7 84.7+0.7
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Results - MSRC

MSRC Accurate annotations
94 images

 hand annotated (30 min each)
e unary train on standard anno.

 5-fold cross validation

GLOBAL AVERAGE

UNARY 83.2+1.5  80.6+2.3

GRID CRF 84.8+1.5 82.4+1.8

FC CRF 88.2+0.7 84.7+0.7
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Results - VOC 2010

PASCAL VOC 2010 fully connected

¢ 1928 ImageS grour;d‘.truth boat

* 20 classes + background ﬂ background

background

s IOU fully_ commected
ACCURACY sheep
UNARY : 27.6 oLt
GRID CRF 2.5s 28.3 h L4 ¥ 3
background baCkgrOund
FC CRF 0.5s 29.1
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Average Precision (AP %)

mean aero bicycle bird boat bottle bus car cat chair cow dining dog horse motor person potted sheep sofa train tv/ submission
plane table bike plant monitor date

>  Oxford TVG_CRF RNN cOCO [ 734 877 52.1 885 669 686 875 828 843 305 761 635 775 799 854 811 576 804 517 766 68.7 10-Apr-2015
[> Deeplab-CRF-COCO-LargeFov ) = 72.7 891 38.3 88.1 633 69.7 87.1 83.1 850 293 765 565 798 779 858 824 574 843 549 805 64.1 18-Mar-2015
> DeepLab-MSc-CRF-LargeFOV [7) 716 844  S45 815 63.6 659 851 79.1 834 307 741 598 790 761 832 80.8 597 822 504 73.1 63.7 02-Apr-2015
[> MSRA BoxSup [7! 71.0 864 355 79.7 65.2 65.2 84.3 785 B3.7 305 762 626 793 761 821 813 570 782 550 725 68.1 10-Feb-2015
[> Context Deep CNN_CRF [7) 70.7 87.5 37.7 758 57.4 723 884 826 800 334 715 550 793 784 813 827 561 798 486 77.1 66.3 14-Apr-2015
[> DeeplLab-CRF-COCO-Strong 7! 704 853 362 848 612 675 846 814 810 308 738 538 775 765 823 816 563 789 523 766 63.3 11-Feb-2015
> Oxford TVG_CRF_RNN [7) 704 855 367 77.2 629 667 859 78.1 825 30.1 748 592 773 750 828 797 598 783 50.0 76.9 65.7 26-Mar-2015
[> DeeplLab-CRF-LargeFOV [ 70.3 835 366 825 623 665 854 785 83.7 304 729 604 785 755 821 797 582 B2.0 488 73.7 63.3 28-Mar-2015
[> Deeplab-CRF-Msc [7) 67.1 804 368 774 552 664 815 775 789 27.1 682 527 743 696 794 790 569 788 452 72.7 59.3 30-Dec-2014
[> DeepLab-CRF [ 66.4 78.4 33.1 78.2 556 653 813 755 786 253 69.2 52.7 752 690 79. 776 547 783 451 733 56.2 23-Dec-2014
) CRFﬁRNNl?: 65.2 809 340 729 526 625 798 763 799 236 67.7 518 748 69.9 76.9 76.9 49.0 74.7 427 721 59.6 10-Feb-2015
[ TT! zoomout 16 7} 64.4 81.9 35.1 782 574 56.5 805 740 798 224 696 53.7 740 76.0 76.6 68.8 443 70.2 40.2 689 55.3 24-Nov-2014
> Hyp(-r(olumn["i 62.6 68.7 33.5 698 513 70.2 81.1 719 749 239 606 46.9 72.1 68.3 74.5 72.9 52.6 644 454 649 57.4 09-Apr-2015
> fFCN-8s [T 62.2 76.8 34.2 68.9 494 60.3 75.3 747 776 214 625 46.8 71.8 63.9 76.5 73.9 45.2 724 374 709 55.1 12-Nov-2014
> MSRA CFM (7 61.8 75.7 26.7 69.5 48.8 656 81.0 69.2 733 300 687 515 69.1 681 717 67.5 504 66.5 444 589 53.5 17-Dec-2014
> TT1 zoomout ) 58.4 703 319 683 464 521 753 684 753 192 S84 499 696 63.0 70.1 67.6 415 640 349 642 47.3 17-Nov-2014
[ sps 7 516 633 25.7 63.0 3938 59.2 70.9 614 549 168 45.0 48.2 50.5 51.0 57.7 63.3 31.8 58.7 31.2 55.7 48.5 21-Jul-2014
[ NUS uDps [7] 50.0 67.0 245 472 45.0 47.9 65.3 606 585 155 5038 37.4 458 59.9 62.0 52.7 40.8 482 36.8 53.1 45.6 29-0ct-2014
> TTIC-divmbest-rerank [} 48.1 62.7 256 469 43.0 54.8 584 586 556 146 475 312 447 510 609 535 366 509 301 502 46.8 15-Nov-2012
[> BONN O2PCPMC EGT SECM 7 47.8 640 273 S4.1 392 487 56.6 57.7 52.5 142 S48 296 422 S80 548 502 366 586 316 484 38.6 08-Aug-2013
> BONN O2PCPMC EGT SECM (7 47.5 634 273 56.1 377 47.2 57.9 593 550 115 50.8 305 450 584 574 486 346 533 324 476 39.2 23-Sep-2012
[> BONNGC 02P cPMC Csi 7] 468 636 268 456 417 47.1 543 586 551 145 490 309 461 526 582 534 320 445 346 453 43.1 23-Sep-2012

> BONNfCMBRfOZPfCPM(_.leN:?] 46.7 63.9 23.8 446 403 45.5 59.6 58.7 57.1 11.7 459 349 43.0 54.9 58.0 51.5 34.6 44.1 299 50.5 44.5 23-Sep-2012
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