STRUCTURED OUT PREDICTION (SEMANTIC SEGMENTATION)



CHALLENGES OF VISUAL RECOGNITION

 Appearance

 DOF: texture, illumniation, material, shading, ...
 Shape

 DOF: object category, geometric pose, viewpoint, ...
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Human Semantic segmentation






SEMANTIC SEGMENTATION: PIXEL GLASSIFICATION
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5 1: Person
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SEMANTIC SEGMENTATION FORMULATION

Classification

' Visual feature

Xi

e BoW

€.d., ¢(Xi) = Wiree * X

A(X;)

Unsupervised superpixel segmentation



SEMANTIC SEGMENTATION FORMULATION

D @  visual feature Classification
g&? X Color histogram

* BoW
.‘. ‘ o SIFT

* HOG
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In:-nl!lililf LA L = p(x;)+ @(x;,X;)

Unsupervised superpixel segmentation Context

CRF: Conditional Random Field
aka. joint classifications (structured pred.)




HoLISTIC PREDICTION VIA DEEP LEARNING
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Fully convolutional layers

Computationally inefficient
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HoLISTIC PREDICTION VIA DEEP LEARNING
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HXWx3 HXWxD

Softmax
HxWxCI

HxWx3 HxWxD
Bottleneck layer

Softmax

HxWxCI



FuLLy ConvoLUTIONAL NETWORK

convolution fully connected
1 PP /// “tabby cat
227 x 227 55 x 55 27 x 27 13 %13
convolution
1x1 convolution
DD <
H/4 x W/4  H/8 x W/8 H/16 x W/16 H/32 x W/32 Hx W
221x227 10x10  Upsampling via deconv.

Long, Shelhamer, and Darrell, “Fully Convolutional Networks for Semantic Segmentation”, CVPR 2015



FuLLy ConvoLUTIONAL NETWORK

conv4d

32x upsampled
pool4 convs poold  conv6-7 prediction (FCN-32s)

image convl pooll convZ pool2 conv3 pool3

16x upsampled

2x conv’7
pool4
FCN-32s FCN-16s FCN-8s Ground truth
vb ' N Sx upsampled
4x conv7 prediction (FCN-8s)
2x poold | | |

pool:%l | | I

Long, Shelhamer, and Darrell, “Fully Convolutional Networks for Semantic Segmentation”, CVPR 2015






HoLISTIC PREDICTION VIA DEEP LEARNING
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HXWx3 HXWxD

Softmax
HxWxCI

HxWx3 HxWxD
Bottleneck layer

Softmax

HxWxCI



HoLISTIC PREDICTION VIA DEEP LEARNING
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/

HxWx3 HXWxD
Upsampling?

HxWx3 HxWxD
Bottleneck layer

Softmax
HxWxCI

Softmax

HxWxCI



REVISITED: SPATIAL POOLING (DOWN-SAMPLING)

31231
0534 5 4
1122 2 77
7.3 17
4x4 2x2

Max-pooling (window size 2x2, stride 2)



SpatiAL UNPOOLING (UP-SAMPLING)

Max-unpooling (window size 2x2, stride 2)

0 000
5 4 050 4 Learnable parameter?
77 0000 .
700 7 Can we learn upsampling?




LEARNING UPSAMPLING

Low-Resolution Image

v v

High-Resolution Image High-Resolution Super-Resolved Image High-Resolution Reference Image




SpatiAL UNPOOLING (UP-SAMPLING)

Max-unpooling (window size 2x2, stride 2)

0 000
5 4 050 4 Learnable parameter?
77 0000 .
700 7 Can we learn upsampling?




REVISITED: GCONVOLUTION
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CONVOLUTION

REVISITED
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REVISITED: GCONVOLUTION

11 12

11

12 Vi [ Vi

13

44

Non-zero entries of each row encode local connectivity.



INVERSE OF CONVOLUTION

11 12

yll y12

13

44

Inverse of W does not preserve local connectivity.



UPCONVOLUTION ~ INVERSE OF GONVOLUTION

| earnable kernel

ylZ le Z12
@7

U

W =2
X ~ 7Ty it W'W x|

Non-zero entries of column encode local connectivity.



UPCONVOLUTION ~ INVERSE OF GONVOLUTION

| earnable kernel

U

Z.|Z
ylZ 11 12
o ®7

= X — y11 = X

Non-zero entries of column encode local connectivity.



TRANSPOSED GCONVOLUTION ~ INVERSE OF GCONVOLUTION

| earnable kernel

U

y12
— ®7

7' h‘_d = X - Yu+ Y = X

Non-zero entries of column encode local connectivity.



TRANSPOSED CONVOLUTION ~ INVERSE OF CONVOLUTION

| earnable kernel

U

ylZ
o ®7

ZT Y = X —> Vi + Yo+ Vo + Voo = X

Non-zero entries of column encode local connectivity.



TRANSPOSED GONVOLUTION AS UPCONVOLUTION

— 11y22 ®T

Upconvolution

Y = X
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Xu =21V

X11 IS dependent only on yi1.

() =

W13

Cf) convolution

X11 contributes only to y11.



TRANSPOSED GONVOLUTION AS UPCONVOLUTION

1 y12 le ZlZ Z13
— Vs ® T Z51| £22| 223
Z31| 23| 233

Upconvolution

Xn=2uVn

ZT Y = X Xip =2V T2V



TRANSPOSED GONVOLUTION AS UPCONVOLUTION

1 y12 Zl ZlZ Z13
— Vs ® T Z51| £22| 223
Z31| 23| 233

Upconvolution

Xn=2uVn
ZT Y = X Xip =2V 2V
Xz =2V T2V



TRANSPOSED GONVOLUTION AS UPCONVOLUTION

Xll XlZ
Z..\ Z.NZ

yll y12 11 12| 13

— Vs ® T Z51| £22| 223

X44 Z3l Z32 ZS3

Upconvolution
Xn=2uVn
ZT Y = X Xip =2V 2V

Xz =2V T2V
X1 =213V,



TRANSPOSED GONVOLUTION AS UPCONVOLUTION

Flipped kernel
Xu i X11 | X2
ZMZ, Z Zoa|l Zon| Z

yll -y12 1 “12 713 -yll ylZ 33| ©32[ 731

— y ® T Zy1| 222|223 <> e vo.ly ® Zy3| 22020

: Z31| Z39| 23 . 2131 Z1p| 21

Xaa X4 -
Upconvolution Convolution with zero padding
X1y =2l



TRANSPOSED GONVOLUTION AS UPCONVOLUTION

Flipped kernel
X 1 X122 X11 | X2
Z| Z, 0 Z Zoa|l Zon| Z
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— y ® T Zy1| 222|223 <> e vy ® Zy3| 22020

: Z31| Z39| 23 . 2131 Z1p| 21

Xaa X4 -
Upconvolution Convolution with zero padding
X1y =2l

ZT Y = X Xip =2V T2V



TRANSPOSED GONVOLUTION AS UPCONVOLUTION

Flipped kernel
X11 X1 Xu X12

ZNZ. | Z Zon| Zaol Z
yll -y12 1 l2] 13 -yll ylZ 33 32/ <31
= Yoy ® T Zy1| 222|223 <> = Vou| Voo ® Zy3| 22020
Z3l Z32 Z33 Z13 Z12 le

Xaa Xaa -
Upconvolution Convolution with zero padding
Xu =2V
ZT Y = X Xip =2V T2V

Xz =2V T2V



TRANSPOSED GONVOLUTION AS UPCONVOLUTION

Flipped kernel
X11 Xio Xu X12

Z. Z, Nz Zon| Zaol Z
yll -y12 1] "12p 718 -yll ylZ 33 32/ <31
= Yoy ® T Zy1| 222|223 <> = Vou| Voo ® Zy3| 22020
Z3l Z32 Z33 Z13 Z12 le

Xaa X4 -
Upconvolution Convolution with zero padding
Xu =2V
ZT Y = X Xip =2V T2V

Xz =2V T2V
X1 =213V,



TRANSPOSED GONVOLUTION AS UPCONVOLUTION

Flipped kernel
X | X1o X11 | X1
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Upconvolution Convolution with zero padding
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TRANSPOSED GONVOLUTION AS UPCONVOLUTION

Flipped kernel
X | X1o X11 | X2
Y|V 1) 12| %15 Vi | Vi Z33) Z3p| 231
= Yoy ® T Zy1| 222|223 <> = Vou| Voo ® Zy3| 22020
Xp 231\ Z3y| £33 Xy, Z13| 21| 211

Upconvolution Convolution with zero padding




DUALITY: GONVOLUTION VS. UPCONVOLUTION

-*e

Convolution (3x3 kernel, no zero padding, 1 stride)
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Upconvolutionv (3x3 kernel, 2x2 zéro padding, 1 stride)



DUALITY: GONVOLUTION VS. UPCONVOLUTION

- * 5 e

Convolution (3x3 kernel, no zero padding, 2 stride)

Upconvolution (3x3 kernel, 2x2 zero padding, 1 zero between input, 2 stride)



DEEPER UPCONVOLUTIONAL LAYERS

224x224 224224

Unpooling

*~==H,H1HHE”P00“n9
Unpooling
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~npooling
\x

Noh, Hong, and Han, “Learning Deconvolutional Network for Semantic Segmentation”, ICCV 2015



Ground-truth N DeconvNet EDeconvNet EDcconvNet+CRF




(a) Input image (b) FCN-8s (¢) Ours



ECEPTIVE FIELD VS. RESOLUTION

224x224

/]
"

Desired properties:
* Larger receptive field (bigger spatial context) — reducing resolution
* Higher output resolution — reducing receptive field



DEEPLAB: DILATED CONVOLUTION

rate=1 rate = 2 rate=3

nput stride
i : _t S | | Enlarging receptive field without
| | increasing reducing resolution

Output stride

Chen, Papandreou, Kokkinos, Murphy, and Yuille, “Semantic Image Segmentation with Deep Convolutional Nets and Fully Connected CRFs”, ICLR 2015



DEEPLAB: DILATED CONVOLUTION

1x1x4096 1x1xN

final classification

conv + conv + conv + conv + FC FC FC FC
pool pool pool pool
coarse 224x224xN
224x224x3 segmentation
f 28x28x1024 28x28x4096 28x28xN
|j ‘ ‘ I: \ I ) final
T T — segmentation
T —s dilated convolutions, stride 1, no pooling t 1x1 convolutions, stride 1 o
preserve spatial dims preserve spatial dims

bilinear upsampling (8x)
to original resolution



DEEPLAB: CRF PoST-PROCESSING

e o)
1

KX

Image/G.T. DCNN output  CREF Iteration 1 ~ CRF Iteration 2 CREF Iteration 10

Chen, Papandreou, Kokkinos, Murphy, and Yuille, “Semantic Image Segmentation with Deep Convolutional Nets and Fully Connected CRFs”, ICLR 2015



DEEPLAB

Input
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Bi-linear Interpolation
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Chen, Papandreou, Kokkinos, Murphy, and Yuille, “Semantic Image Segmentation with Deep Convolutional Nets and Fully Connected CRFs”, ICLR 2015
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DEEPLAB
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Chen, Papandreou, Kokkinos, Murphy, and Yuille, “Semantic Image Segmentation with Deep Convolutional Nets and Fully Connected CRFs”, ICLR 2015
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CRF As RECURRENT NEURAL NET (END-TO-END)

OL Lo L . 1

FCN T CRF-RNN H

Zheng et al., “Conditional Random Fields as Recurrent Neural Networks”, ICCV 2015



CRF As RECURRENT NEURAL NET (END-TO-END)

Input Image FCN-8s Deeplab CRF-RNN Ground Truth

nutma CRF-RNN Ground Truth

0. N

TV/Monitor

Potted-Plant

B-ground Aero plane Bicycle Bird Boat
Car Cat Chair Cow Dining-Table
Motorbike Potted-Plant | Sheep Sofa TVIMonitor

B-ground Aero plane| Bicycle

Motorbike

Zheng et al., “Conditional Random Fields as Recurrent Neural Networks”, ICCV 2015



