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pixels in, pixels out

colorization
Zhang et al.2016

monocular depth + normals Eigen & Fergus 2015

semantic Eamm

segmentation

convolutional
network

optical flow Fischer et al. 2015 boundary prediction Xie & Tu 2015 2



convnets perform classification

< 1 millisecond

‘ | “tabby cat”

1000-dim vector

< end-to-end learning




lots of pixels, little time?

~1/10 second

P07

< end-to-end learning




a classification network

convolution fully connected

poo S

227 x 227 55 x 55 27 x 27 13 x13




becoming fully convolutional

convolution
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227 x 227 55 x 55 27 x 27 13 x13



becoming fully convolutional

convolution

Dt P

HxW H/4 x W/4  H/8 x W/8 H/16 x W/16 H/32 x W/32



upsampling output

convolution

HxW H/4 x W/4  H/8 x W/8

Dt P

H/16 x W/16 H/32 x W/32




end-to-end, pixels-to-pixels network

convolution

Dt P

HxW H/4 x W/4  H/8 x W/8 H/16 x W/16 H/32 x W/32 Hx W




end-to-end, pixels-to-pixels network

convolution
Hx W H/4 x W/4  H/8 x W/8 H/16 x W/16 H/32 x W/32 Hx W
t upsampllng 1
conv, pool, pixelwise
nonlinearity output + loss
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spectrum of deep features

combine where (local, shallow) with what (global, deep)

image

.
<

intermediate layers
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fuse features into deep jet

(cf. Hariharan et al. CVPR15 “hypercolumn”)
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skip layers

image

end-to-end, joint learning
of semantics and location
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interp + sum

interp + sum

dense output 12



skip layer refinement

input image stride 32 stride 16 stride 8 ground truth

no skips 1 skip 2 skips
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skip FCN computation W), = stage 1 (60.0ms)

[ Stage 2 (18.7ms)
[ Stage 3 (23.0ms)

Conv1
Conv2
] Conv3 Conv4 Convb
= == — fc6  fc7 Upsample
Score 2x
Bl B " Upsample
Fuse 2x
L Score Upsample
Fuse 8x

Score

ﬂ

A multi-stream network that fuses features/predictions across layers




Relative to prior
state-of-the-art SDS:

- 30% relative
improvement
for mean loU

- 286x faster

*Simultaneous Detection and Segmentation
Hariharan et al. ECCV14 15




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
> MSRA_BoxSup 1 FCN 752] s08 380 892 689 630 896 830 877 344 836 671 815 837 852 835 586 849 558 812 70.7 18-May-2015
I> Oxford TVG_CRF_RNN_COCO I FCN 747] 904 553 887 68.4 698 883 824 851 326 785 644 796 819 864 8L8 586 824 535 77.4 70.1 22-Apr-2015
D> |DeepLab-MSc-CRF-LargeFOV-COCO-Crossjofs(®N| 739 | 892 467 885 635 684 870 812 863 326 807 624 8L0 813 843 821 562 846 583 762 67.2 26-Apr-2015
D> Adelaide_Context_CNN_CRF_vOC 7 FCN 729] 897 376 774 621 729 881 848 819 344 §0.0 559 793 823 840 829 597 828 541 775 70.3 25-May-2015
> DeepLab-CRF-COCO-LargeFOV [l ECN 727|] 891 383 881 633 697 87.1 83.1 850 293 765 565 79.8 779 858 824 574 843 549 805 64.1 18-Mar-2015
> POSTECH_EDeconvNet_CRF_VOC P! FCN 725 899 393 797 639 682 87.4 812 861 285 77.0 620 79.0 8§0.3 836 802 588 834 543 807 65.0 22-Apr-2015
> Oxford_TVG_CRF_RNN_VOC [ FCN 720 875 390 797 642 683 87.6 808 844 304 782 604 805 778 831 806 505 828 47.8 783 67.1 22-Apr-2015
> DeepLab-MSc-CRF-LargeFOV 7] FCN 716] 844 545 815 636 659 851 791 8.4 307 741 598 790 761 8§32 808 597 822 504 731 63.7 02-Apr-2015
> MSRA_BoxSup FECN 710 864 355 797 652 652 843 785 837 305 762 626 793 761 821 8L3 570 782 550 725 68.1 10-Feb-2015
> DeepLab-CRF-COCO-Strong FCN 704f 853 362 848 612 675 846 8L4 810 308 73 53.8 .5 765 823 8l 78.5mmg2 3 76. 63.3 11-Feb-2015
> DeepLab-CRF-LargeFoVv 7] FCN 703 83.5 g6 B2 5 S@smenz a tQﬂ sle gffo 4s.a. e 28-Mar-2015
B> e 69.6 | 856  37.3 832 oo 0y Bso% R R, Bs) s Nyl Bogi 7 743k, : % 30-Mar-2015
> DeepLab-CRF-Msc 7] FCN 671 s04 368 774 552 664 8L5 775 789 27.1 682 527 743 69.6 794 790 569 788 452 727 59.3 30-Dec-2014
> DeepLab-CRF 7 FCN ®+#] 784 331 782 555 653 813 755 786 253 692 527 752 690 791 776 547 783 451 733 56.2 23-Dec-2014
D> CRERNND FCN 652 809 340 729 526 625 798 763 799 236 67.7 518 748 699 769 769 490 747 427 721 59.6 10-Feb-2015
> TTI_zoomout_16 [ 644 | 819 351 782 57.4 565 80.5 740 79.8 22.4 69.6 537 740 76.0 766  68.8 443 702 402 689 55.3 24-Nov-2014
> [ percnuma 626 687 335 69.8 513 702 8L1 71.9 749 239 60.6 469 72.1 683 745 729 526 644 454 64.9 57.4 09-Apr-2015
> FoN-gs EGNIEZE] 758 342 689 494 603 753 747 776 214 625 468 718 639 765 739 452 724 374 709 55.1 12-Nov-2014
> MsrA_CFM [ 618 757 267 69.5 488 656 8L0 69.2 73.3 30.0 687 515 69.1 681 7L7 675 504 665 444 589 53,5 17-Dec-2014
B> TTI.zoomout (1 584 703 319 683 46.4 52.1 753 684 753 19.2 584 499 69.6 63.0 701  67.6 415 640 349 64.2 473 17-Nov-2014
D> sps [ s1.6] 633 257 63.0 39.8 592 70.9 614 549 168 450 482 50.5 510 577 633 318 587 312 557 485  21-Jul-2014
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care and feeding of
fully convolutional networks

18



usage

- train full image at a time without sampling
- reshape network to take input of any size

- forward time is ~100ms for 500 x 500 x 21 output
(on M. Titan X)
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image-to-image optimization

batch pixel mean mean fw.

size mom. acc. acc. U 119]
FCN-accum 20 0.9 86.0 665 519 76.5
FCN-online 1 09 89.3 76.2 607 818
FCN-heavy 1 0.99 90.5 76.5 63.6 835
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momentum and batch size

0.6

effective gradient weight
o] o o
B B n

<
b

momentum p and batch size k
1/k) __ . (1/K
’p( /k) — p( /E')
k-1
gt = —’-*?Z Vol(Tktyis Ot—1) + pge—1
i=0
oo k—1

gt = —1 Z Z p°Vol(Tr(t—s)4i30t—s)

0 50 100 150 200 250 300 5=0 =0

image index (recency)
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sampling images?

no need! no improvement from sampling across images

1.2 . 1 T

== full images
1.0 = = 50% sampling
w— 25% sampling

1 | 1
500 1000 1500
iteration number

loss

| | |
10000 20000 30000
relative time (num. images processed)

22



sampling pixels?

no need! no improvement from (partially) decorrelating pixels
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Ground Truth

context?

- do FCNs incorporate
contextual cues?

- loses 3-4 % points when
the background is masked

- can learn from BG/shape
alone if forced to!
- Standard 85 IU
- BG alone 381U
- Shape 291U
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past and future history of
fully convolutional networks
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history

Output maps

Second layer feature maps

._'
Thirt] |.'-1_'n.|:'r -:uf 1.-.:"i;1;|'|r.-\. —_— ‘
! 53 H 4 36x106 windows ‘

—_— ):l./.‘ H|J|l.‘-F1|II|||('I| I'ir.\-' |'-|'||-('l'
| . -
feature maps

First layer [eature maps

lnput image

Shape Displacement Network Convolutional Locator Network
Matan & LeCun 1992 Wolf & Platt 1994
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pyramids

Scale Pyramid, Burt & Adelson ‘83

The scale pyramid is a classic
multi-resolution representation

Fusing multi-resolution network
layers is a learned, nonlinear
counterpart
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jets

==
5

Jet, Koenderink & Van Doorn ‘87

The local jet collects the
partial derivatives at a point
for a rich local description

The deep jet collects layer
compositions for a rich,
learned description
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extensions

- detection + instances
- structured output
- weak supervision

29



detection: fully conv. proposals

Outputs: bbox
softmax regressor | 2kscores | | 4kcoordinates | <@mm  Kanchor boxes
L i

]
cls layer \ ’ reg layer

| 256-d |
' intermediate layer

Rol

Rol feature

g
ve Cto r For each Rol E \\.J

sliding window

Fast R-CNN, Girshick ICCV'15 conv feature map
Faster R-CNN, Ren et al. NIPS'15

end-to-end detection by proposal FCN Rol classification
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fully conv. nets + structured output

Input Aeroplane

y Coarse Score map
s i Deep - —
e Convolutional
, = »- -
_%%7’ > Neural |
it Network
Final Output

Semantic Image Segmentation with Deep Convolutional Nets and Fully Connected CRFs.
Chen* & Papandreou® et al. ICLR 2015. 31



fully conv. nets + structured output

fa
Lr :r _______________________________________________________________________
Qin E Messa, . . Compatibili Unary . "
—:—‘ Pa&&iri;): Weightening |—— Truﬁlstfurmty Additiiu —| Normalization —mt _
: f(:i (U| Qi.n)
Method Without COCO With COCO
Plain FCN-8s 61.3 68.3
FCN-8s and CRF 63.7 69.5
disconnected
End-to-end training of
CRE-RNN 69.6 12.9

Conditional Random Fields as Recurrent Neural Networks. Zheng* & Jayasumana™ et al

. ICCV 2015.
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dilation for structured output

- enlarge effective receptive
field for same no. params

- raise resolution

- convolutional context model:
similar accuracy to
CRF but non-probabilistic

Multi-Scale Context Aggregation by Dilated Convolutions. Yu & Koltun. ICLR 2016 33



Input Image FCN-8s Deeplab

CRF-RNN Ground Truth

[ comparison credit: CRF as RNN, Zheng* & Jayasumana* et al. ICCV 2015 ]

DeepLab: Chen* & Papandreou* et al. ICLR 2015.

CRF-RNN: Zheng* & Jayasumana* et al. ICCV 2015

34



fully conv. nets + weak supervision

FCNs expose a spatial loss map to guide learning:
segment from tags by MIL or pixelwise constraints

[ tag : “Train”

such

mat |A|>|B]

Constrained Convolutional Neural Networks for Weakly Supervised Segmentation.
Pathak et al. arXiv 2015.
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fully conv. nets + weak supervision

FCNs expose a spatial loss map to guide learning:
mine boxes + feedback to refine masks

|

masks

: &, n
{ . 1 [ epnch
' feedback iteration
i update

train image network Epuch

with gt boxes
BoxSup training estimated masks

e

BoxSup: Exploiting Bounding Boxes to Supervise Convolutional Networks for Semantic Segmentation.
Dai et al. 2015.

[




fully conv. nets + weak supervision

FCNs can learn from sparse annotations == sampling the loss

Original image Image-level labels 1 point per class
r B L =

Levels of supervision

ﬂ person
\ L]

Full Image-level Point-level Objectness prior

What's the Point? Semantic Segmentation with Point Supervision. Bearman et al. ECCV 2016.
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conclusion

fully convolutional networks are fast, o
end-to-end models for pixelwise problems 1&”}
o "N~ N
|
- code in Caffe caffe.berkeleyvision.org

- models for PASCAL VOC, NYUDV2,

SIFT Flow, PASCAL-Context

fcn.berkeleyvision.org github.com/BVL C/caffe

model example
inference example
solving example
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http://fcn.berkeleyvision.org
http://fcn.berkeleyvision.org
http://caffe.berkeleyvision.org/
http://caffe.berkeleyvision.org/
https://github.com/BVLC/caffe
https://github.com/BVLC/caffe
https://github.com/shelhamer/fcn.berkeleyvision.org/tree/master/voc-fcn32s
https://github.com/shelhamer/fcn.berkeleyvision.org/tree/master/voc-fcn32s
https://github.com/shelhamer/fcn.berkeleyvision.org/blob/master/infer.py
https://github.com/shelhamer/fcn.berkeleyvision.org/blob/master/infer.py
https://github.com/shelhamer/fcn.berkeleyvision.org/blob/master/voc-fcn32s/solve.py
https://github.com/shelhamer/fcn.berkeleyvision.org/blob/master/voc-fcn32s/solve.py

