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Manual annotation is expensive

Training modern models requires:

26s . 80s
(ImageNet) (COCO) (COCO-Stuff)

Su et al., Crowdsourcing annotations for visual object detection, AAAI 2012

Deng et al., Scalable multi-label annotation, CHI 2014

Lin et al., Microsoft COCO: common objects in context, ECCV 2014

Caesar et al., COCO-Stuff: Things and Stuff classes in context, CVPR 2018

Papadopoulos et al., Extreme Clicking for efficient object annotation, ICCV 2017: box in 7s!



Fully supervised learning

Object
detection
model

Panoptic
segmentation

Annotation to the same degree as oulputs on test images



Weakly supervised learning

Object
detection

model

motorbike

Panoptic

segmentation
model

person, book, wall, light, ... sky, horse, train, ...

Annotation to a lower degree than outputs on test images



Weakly supervised learning

Core issue: need for auto-annotation

Object
detection
model

Panoptic
segmentation




Human-machine collaboration

Object
detection
model

Panoptic
segmentation




Weak Supervision for bounding-boxes

basic: image-level labels

[Nguyen ICCV 09, Deselaers ECCV 10, Siva ICCV 11,
Song ICML 14, Cinbis CVPR 14, Wang TIP 15,

Bilen CVPR 16, Kantorov ECCV 16, Dong ACMMM 17]

point click on object
[Mettes ECCV 16, Papadopoulos CVPR 17]

video

[Prest CVPR 12, Tang CVPR 13, Joulin ECCV 14,
Kuznetsova CVPR 15, Liang ICCV 15,

Liang ICCV 15, Kalogeiton PAMI 15]

knowledge transfer from classes with boxes
[Salakhutdinov CVPR 11, Aytar ICCV 11, Guillaumin CVPR 12,
Vezhnevets CVPR 14, Hoffman NIPS 14, Rochan CVPR 15,
Tang CVPR 16, Redmon CVPR 17]

eye-tracks
[Papadopulous ECCV 14, Mathe arXiv 14,
Karthikeyan CVPR 15]




Weak Supervision for object segments

basic: image-level labels

[Verbeek CVPR 07, Vezhnevets ICCV 11, Xu CVPR 14, Pinheiro
CVPR15, Pathak ICLR 2015, Papandreou ICCV 15, Kolesnikov
ECCV 16, Wei CVPR 2017, Singh ICCV 2017]

point click on object
[Wang CVIU 14, Bell CVPR 15, Bearman ECCV 16, Jain AAAI 16]

scribbles
[Xu CVPR 15, Lin CVPR 16]

object bounding-boxes
[Dai ICCV 15, Khoreva CVPR 17]

extreme points on object
[Papadopoulos ICCV 17, Maninis CVPR 18]

transfer from other pre-segmented classes
[Kuettel ECCV 12, Rubinstein ECCV 12]

video
[Tokmakov ECCV 16]




Human-Machine collaboration

classic active learning (ask label of samples)

for box: [Vijayanarasimhan IJCV14, Yao CVPR 12]
for segmentations [Vezhnevets CVPR 12, Jain CVPR 16]

box verification series
[Papadopoulos CVPR 16]

select which annotation micro-task to ask for
[Vijayanarasimhan CVPR 09, Jain ICCV 13,
Russakovsky CVPR 15]

interactive object segmentation
[Boykov ICCV 01, Rother SIGGRAPH 04, Wang ICCV 05,
Liew ICCV 17, Xu BMVC 17, Castrejon CVPR 17, Li CVPR 18]

Is the belly
| white? yes

fine-grained classification by asking attributes
[Branson ECCV 10, Biswas CVPR 13, Wah CVPR 14]

'('- white? yes

| The birdis a
| Parakeet Auklet




This talk

e Revisiting knowledge transfer for
training object class detectors
Uijlings, Popov, Ferrari
CVPR 2018

e Learning intelligent dialogs for
bounding box annotation
Konyushkova, Uijlings, Lampert, Ferrari
CVPR 2018

e Fluid Annotation: human-machine
collaboration for full image annotation
Andriluka, Uijlings, Ferrari,
arXiv June 2018




Proble  Problem setting: knowledge transfer on

Source train set Target train set (image-level labels)

(bounding boxes)

Target test set (no labels)

Intermediate goal:
Localize target class

in train set

|

I Goal: detect target

|

|
motorbike |

|

|

|

|

class in test set

bicycle

&7\ /= knowledge
(B ‘ transfer

Detection

Train Apply

model

motorbike

cat

|
[Guillaumin CVPR 12 Hoffman NIPS 14, Rochan

CVPR 15, Tang CVPR 16, Redmon CVPR 17]




Why relevant?

- Image-level labels are cheaper to obtain (2s)

- But weakly supervised methods lead to lower quality
detectors (~60% the mAP of full supervision) 0

- There are large datasets with bounding boxes

IMJ&GE

Common Objects in Context

[Deselaers ECCV 10, Bilen CVPR 15, Blaschko NIPS 10, Cinbis CVPR 14, Nguyen ICCV 09, Pandey
ICCV 11, Russakovsky ECCV 12, Shi PAMI15, Shi BMVC 12, Siva CVPR 13, Siva ICCV 11, Siva ECCV
12, Song NIPS 14, Song ICML 14, Wang TIP 15, Bilen CVPR 16, Dong ACMMM 17]



A typical WSOL framework

Negative images Multiple instance learning (MIL)

images = bags
windows = instances

Object proposals
[Alexe CVPR 10, Dollar ECCV 14,
van de Sande ICCV 11, ...]

Goals:
* find true positive instances
* train window classifier

[Blaschko NIPS 10, Cinbis PAMI 16, Deselaers ECCV 10, Nguyen ICCV 09, Russakovsky ECCV 12, Shi PAMI 15, Shi
BMVC 12, Siva ICCV 11 & ECCV 12, Song NIPS 14 & ICML 14, Bilen BMVC 14, Sangineto PAMI 18, Li BMVC 17]



Re-training
object detectors

v

MIL-style WSOL

/Re-localizing objects\

Initialization: full images
[Cinbis CVPR 14, Nguyen ICCV 09,
Russakovsky ECCV 12, Pandey ICCV 11]

Objectness and multi-folding
[Deselaers ECCV 10] [Cinbis CVPR 14]

Re-localization:
pick proposal with
highest appearance score

[Blaschko NIPS 10, Cinbis PAMI 16, Deselaers ECCV 10, Nguyen ICCV 09, Russakovsky ECCV 12, Shi PAMI 15, Shi
BMVC 12, Siva ICCV 11 & ECCV 12, Song NIPS 14 & ICML 14, Bilen BMVC 14, Sangineto PAMI 18, Li BMVC 17]



MIL-style WSOL

6 Appearance model |

/ Re-training detectom

[Alexe CVPR 10]
[Zitnick ECCV 14]

\_

/ Object proposals \

>

/

\Re-localizing objects




[Deselaers ECCV 10, Prest CVPR 12,
Shapovalova ECCV 12, Shi BMVC 12, Siva

M I L'St |e WSO L ICCV 11, Cinbis CVPR 14, Bilen CVPR 16,
y Tang CVPR 14, Wang ECCV 14]

Objectness
‘ | |
/ Re-training detectom Re-localizing objects \

/ Object proposals \

[Alexe CVPR 10] >

[Zitnick ECCV 14]

& J




[Deselaers ECCV 10, Prest CVPR 12,
Shapovalova ECCV 12, Shi BMVC 12, Siva

M I L'St |e WSO L ICCV 11, Cinbis CVPR 14, Bilen CVPR 16,
y Tang CVPR 14, Wang ECCV 14]

/ Re-training detectm\

[Alexe CVPR 10]
[Zitnick ECCV 14]

\_

( Object proposals \

>

v

Re-localizing objects

F(b) = AA(B, ) + (1 = \)O(b, ])

Manually engineered measure




Problem setting: knowledge transfer

Target train set (image-level labels)

Source train set Target test set (no labels)

| |
(bounding boxes) I I Goal: detect target
: : class in test set
bicycle | motorbike |
| . |
| |
| R, =5 [ - I
- 12 3 1 I
&IN/2 knowledge .
B APt transfer > Train Detection Apply
&/ motorbike model 0
|
|
|
|
|
|
|
|
|
|
|
|

[Guillaumin CVPR 12 Hoffman NIPS 14, Rochan

CVPR 15, Tang CVPR 16, Redmon CVPR 17]



Related:
[Guillaumin CVPR 12,

Knowledge Transfer  "mve

Target train set

Source train set

knowledge
transfe

bicycle quad

Train Multibox SSD on all classes in hierarchy

T "Conv. 3x3x1024 Conv: 1x1x1024 Conv. 1x1x2%6  Conv. umzz Conv nmzs Conv: 1x1x128
Conv: 3x3x512.52 Conv: 3x0x258-52 Conv: 3x3x256.51 Conv: IN256-51

I
I
|
Extra Feature Layers I
_ through Conv5_3 layer Clasaer : Conv mum[anm«u ‘ B [ :
\ ¥ i 3 Clossior : Conv: 3x3x(6x(Classose4)) § : l
- 3 E I bicycle: 0.9 entity: 0.5
| |37 3map I quad: 0.5 giraffe: 0.2
o snacun 5| |2 TS 1 vehicle: 0.6 animal: 0.1
o § 5 I entity: 0.4 bicycle: 0.0
" f H : animal: 0.1 quad: 0.0

giraffe: 0.0 vehicle: 0.0



MIL + Knowledge Transfer

/ Re-training detectm\

@:WW ,\)Am

Learned measure




MIL + Knowledge Transfer

/ Re-training detectm\

Source detectors \

____ L

(1o

g _/

Re-localizing objects

— AA(b,I) + (1= \)

Learned measure




MIL + Knowledge Transfer

/ Re-training detectm\

/ Source detectors \

—/_)

@:/\Aw,w ,\)Am

Learned measure




Dataset: ILSVRC 2013 IMAGENET

Setup following LSDA [Hoffman NIPS 14]

source training set Classes from cordlo " to lamp

- val1l augmented to 1000 boxes per class [Girshick CVPR 14]

- classes 1-100

- bounding box annotations

- for each knowledge transfer function, optimize A on 80/20 class split
(and all other hyper-parameters ;)

target training set

- val1l augmented to 1000 boxes per class [Girshick CVPR 14]
- classes 101-200
- Image-labels only

target test set

- Complete val2 set
- Accuracy measured on class 101-200 only



Results: Qualitative localizations on target train

watercraft

D EdgeBox + objectness

baseline

Knowledge Transfer
(class-generic)



CorLoc@0.5 on target training set
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MAP @ loU>0.5 on target test set

MAP@ 0.5 on target test set

Delivers detectors reaching 80% of mAP of fully supervision!

————————————————————————————— = 100%
Full Supervision ’

- 80%

‘= 55%

No score

Detector: Faster R-CNN + Inception ResNet



Semantic similarity vs improvement

baseball(S) — punching bag(T)
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Faster-RCNN +
Inception ResNet

[T SdIN UeWoH]
vdasl

50

5 R b =
ummpmmtwm._mucom.oAjo_@m,qcc

o

[T SdIN uewyjoH]
vds

Comparison to state-of-the-art
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AlexNet backbone



Comparison to YOLOV2 Rredmonicev 1

Source training set 50

Common Objects in Context

5

Target training set

classification-style image,
9000 classes,
no ILSVRC detection

w
o

nN
o

Target test set

ILSVRC detection validation set:
156 Non-COCO classes

MAP @ loU>0.5 on target test set

b
o

YOLOvV?2




Generalization across datasets: CorLoc @ 0.5

Target training set

Source training set

IMJaGEN|

Augmented val 1,
class 101-200

Common Objects in Context

2014 train

V2, val+test

MAGENE !

Augmented val 1, class 1-100
100 classes, 65k images, 81k boxes

74.2

34.5

62.0

Common Objects in Context

2014 train
80 classes, 83k images, 605k boxes

67.7

59.5

o, VOC 2007
%3 PASCAL2 trainval

20 classes, 5k images, 13k boxes

59.5

26.2

55.3

; | EdgeBox
RO baseline
P e |

50.5

20.6

32.4



Conclusions

Knowledge Transfer substantially improves
Weakly Supervised Object Detection

Delivers detectors performing at 80% of the mAP
of their fully supervised counterparts

Generalize across a wide range of source-target
dataset pairs

Simple modification to standard MIL pipelines



This talk
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object class detectors
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CVPR 2018

e Learning intelligent dialogs for
bounding box annotation
Konyushkova, Uijlings, Lampert, Ferrari
CVPR 2018

e Fluid Annotation: human-machine
collaboration for full image annotation
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Manual box drawing

g@@ 53

~20

object
detector

ImageNet annotation timings: [Su AAAI 2012]
Crowdsourcing annotations for visual object detection. AAAlI Human Computation Workshop 2012



Box verification series

object
detector

D. P. Papadopoulos, J. R. R. Uijlings, F. Keller, and V. Ferrari.
We don’t need no bounding-boxes: Training object class detectors using only human verification. CVPR 2016



Success, faillure and motivation
potted Iant

. \ IA.
.!5::.;- o8

EEET Y]

Draw

Depends on image difficulty, detector strength, desired box quality
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Agent 1: Model-based

Given:
- time for drawing

t

draw

- time for verification

verify

- probability of acceptance
of box i

Pi

we can estimate the
expected annotation time
for any dialog

verify

+ (1 _pO) ” tdraw

[...]



Agent 1: Model-based

aCCeptance > t'UB‘T"I: fy Ve r|fy
classifier Phox /
draw

Features (image, class, box) false

Optimal strategy: sort boxes in order of acceptance
probability; verify all boxes for which p > tverity /tdraw




Algorithm TAT) Prob

loput: By — (0, b dspUn ool it p
L5, = '::gl.- Fuvee Fo) bU].'LI;.UU‘. by plé,)

o= [\

3 oA — ()

. while p(5;) = t, /1, do

fi: At Ap s

7 selectaction Vo g = -V

g oselecraction DD zn ¢ w0 D

worelurn sequence of actions m, sequence of boxes A,

Theovem L. ff probihilities of wceeptance pil) are known,
the straregy of applying  sequence of actions V¥ 1) defined
Hy AAD-Prob ter i seqoence of boxes Ay minini.es the -
notation time, e for alt v {0, ) and for afl box
Sequences Gy,

E{VHED, Ay

RNV S| )
Sketeh of the proof. The proof congists of two parts. First,
we show that Tor any strategy V740, the best box sequence
is oblained by sorting the available boxes by their prababil-
ity of acceptance and using the tirst n: of them. Second, we
show (hat the number ol verification steps [ouud by [AD-
P'rob, &, is indeed the optimal one.

We sturl by rewniting the cxpected eplsode length in

closed form, For a stralegy V™0 and any sequence off

boxes, Sy — (31, ..., 5, ). we obtdin
UV, 80) — b +glaadhe —gledglsally + ..
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Our first obseryvation is that (2) is monolonically Joeercasing
as a luncton ol g{sy )., 02, ). Conseguently, Lthe small-
est value iy obtained by sclecting the set of m boxes that
have the smallest rcjection probabilitics. ‘Lo prove that their
oprimal order is sorted in deceeasing order. assume that S,,
is nen sorted, e there exists an index [ 2 {0,000 1} Gor
which ¢} = gl 1), We sompare the exposted episode
length of S, o that of a sequence S,,, in which s and 8-

Proof

are ar switched positions. Using (2) and noticing that many
of the terms cancel out, we ohtain

RV 8 = T, S
L}

—befyte afe (] [a) =0 3
i

This shows that S, has stctly smaller capeeted episode
length than 5,,,, s0 5, cannot have been the oprimal otder.
Consequently, for any strawegy V™42, (he optimal sc-
gquence is to sort the hoxes by decreasing probahility of re-
jetion, fe increasing acceplance probability, We denote it
by S = (51, 80
Next, we show el the number, &, ol verificalion actions
lound by the JAD-Prob wlgorithun is oplimal, f.e. V1) is
betler or cqual W V™ML for any e /& As we already
know that the oplimal box sequence for any strategy V™" L)
is 5., itis cnough to show that

ELV™ D 8 ) BV D, 80 (4

forally = {L,... . k} and

[ T A I N TR Tl D - N 15)
lotallae 2 & 1 1.0 0 To prove these inequalities, we
dgain make use of expression (2), Horany me e {_I R

L} we abluin

HV 0, S = Kl Y

Yo v 1
=0 | [alear —tes | ] atend
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Vor e {00 k) we know that plam) = 4y iin
by construction of the strategy.  This s cquivalent to
b | oglsm M faa =00 Consequently, (6) is non-
negative in this case. and incquality (4) is conflirmed. For
we OO {h Voo n), we kaow plag) = Gy A, again
by comstruction, Conscyuently, f17 — iz, jtn —tp < O
which showes that (63 is nonpogitive in this case. confirming,
3. O




Agent 2: Reinforcement Learning

Environment Reward:
-t or -t

verify draw

>

State: Features
(image, class, box)

o
Action: ? or
< Y — | Deep Q-learning




—xperimental Settings

« Annotate PASCAL VOC 2007 trainval dataset

- Image-level labels are available

« 10% reserved for training the agent

« Faster-RCNN object detector [Ren NIPS 2015]

« Detector either weak (MIL on VOCO07) or strong (fully supervised on VOC12)

« DQN (simplified) as a reinforcement learning algorithm [Mnih Nature 2015]

« RL is unstable for non-linear function approximation, so: experience replay,

periodically updated Q-function



Desired quality

Different scenarios

R | -
e | o ;
!  Detector strength
Train from high N
boxes
K high Drawing time o
208 " & b
[SU AAAI 12] =
ImageNet

MIL from image
labels

7S

[Papadopoulos
ICCV 17]
X-Click



Different scenarios

Agent vs standard strategies

- D: Draw

- \/*D: Box verification series

Drawing technique

Slow drawing

Fast drawing

Detector Weak detector Weak detector Strong detector
Quality level a=0.7 a=05 | a=0.7 a=0.5 a=0.7 a=0.5
D 25.50 £0.00  25.50 =£0.00 | 7.00 £0.00  7.00+0.00 | 7.00£0.00 7.00 =% 0.00
V*D 42.29 4+ 0.07 17.37+0.07 | 31.82+0.11 11.46+0.04 | 8.83+0.09 3.18 +0.02
Model-based agent 23.07+0.23 1264+1.29 | 6.81+£0.02 5.8 +0.04 | 3.42+£0.18 2.73 £0.08
RL agent 23.62+ 038 16.30+0.09 | 6.83+£0.03 5.89+0.05 | 3.60=x0.07 2.66 £ 0.06

Agent outperforms standard strategies in all scenarios



Fixed strategies

- VD
- VVD
- VVVD

Different scenarios

Drawing technique

Slow drawing

Fast drawing

Detector Weak detector Weak detector Strong detector

Quality level a=0.7 a=05 | a=07 a=05 | a=0.7 a=0.5
D 25.50£0.00 25.50£0.00 | 7.00=0.00 7.00=+0.00 | 7.00£0.00 7.00=£0.00
VD 23.01 £ 0.07 17.30x+0.07 | 7.62+0.02 6.05+0.02 | 3.45+0.01 2.50=£0.01
VVD 23.79+0.06 16.67=0.06 | 8.92+£0.02 6.67+0.02 | 3.48£0.01 2.45£0.01
VVVD 24.67+0.07 16.38 £0.07 | 10.21 £0.02 7.32+£0.03 | 3.65+0.02 248+ 0.01
V*D 4229 £ 0.07 17.37x0.07 | 31.82+0.11 11.46+0.04 | 8.83+0.09 3.18 +0.02

No single fixed strategy works best in all scenarios



Different scenarios

Agent vs fixed strategies

Drawing technique Slow drawing Fast drawing

Detector Weak detector Weak detector Strong detector
Quality level a=0.7 a=05 | a=0.7 a=05 | a=0.7 a=0.5
D 25.50 £0.00  25.50 =£0.00 | 7.00£0.00 7.00+=0.00 | 7.00£0.00 7.00=x 0.00
VD 23.01 £ 0.07 1730+0.07 | 7.62+0.02 6.05+0.02 | 3.45+0.01 2.50=£0.01
VVD 23.79 £0.06 16.67x0.06 | 892+0.02 6.67+0.02 | 3.48+0.01 2.45+0.01
VVVD 24.67 £0.07 16.38+0.07 | 10.21 +£0.02 7.324+0.03 | 3.65 £0.02 2.48 4 0.01
V*D 4229 £ 0.07 17.37x0.07 | 31.82+0.11 11.46+0.04 | 8.83+0.09 3.18 +0.02
Model-based agent | 23.07 +=0.23  12.64 + 1.29 6.81 &+ 0.02 586 +=0.04 | 3.424+0.18 2.73+0.08
RL agent 23.62+0.38 16.30+0.09 | 6.83+£0.03 5.89+0.05 | 3.60+ 0.07 2.66 + 0.06

Agent is (almost) always best, adapting to scenario at hand



IAD with iteratively improving detector

In real annotation task we want to take advantage of the
growing amount of data

ureJjal

ureJya.
ureJja.
ureJye.
ureJya.

uresial



% of boxes annotated

Performance at @ loU 0.7

Fast drawing
[Papadopoulos ICCV 17]

L) =

o =

0.0

our agent LN

Box verification series
[Papadopoulos CVPR 16]

Slow drawing
[Su AAAI 12]

i |
0 20000 40000 Delivers detector at

) : 98% mMAP of always
annotation time (sec.) drawing
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Task: Full Image Annotation

wall—-concrete door—stuff

laptop

blanket

keyboard

Eer

* Annotate outline and class of every object and background region

e Extremely time consuming (19 min per image for COCO)

Lin et al., Microsoft COCO: common objects in context, ECCV 2014
Caesar et al., COCO-Stuff: Things and Stuff classes in context, CVPR 2018



Traditional Annotation System (e.g. LabelMe)

i

L
- -

Input image



Traditional Annotation System (e.g. LabelMe)

Manually draw a polygon ...



Traditional Annotation System (e.g. LabelMe)

CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK
CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK
CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK
CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK
CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK
CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK
CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK
CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK
CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK
CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK
CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK
CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK
CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK
CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK
CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK
CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK
CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK
CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK CLICK
CLICK CLICK CLICK CLICK ...

Hundreds of mouse-clicks later...



Traditional Annotation System (e.g. LabelMe)

wall—-concrete door—stuff

laptop

blanket

keyboard

N

Hundreds of mouse-clicks later... Done!



Our Fluid Annotation System

Input image



Our Fluid Annotation System

T

B

ne action, waiting ...

Automatic initialization




Our Fluid Annotation System

wa]l—qqmcflgﬂf_ stuff
|

I

tens of mouse clicks later... Done!



Design Principles

1. Strong Machine Learning Aid

2. Unified interface for full image annotation

3. Empower the annotator

N

Annotator focuses on what the machine
does not already know



Method

apply Mask R-CNN

[He ICCV 2017]




Method

Segments (~1000) with Labels and detection score

wall-concrete: 0.2 door-stuff: 0.3 curtadin: O._1

clothing: 0.3 lL
|

tv: 0.7

blanket: 0.2

bed: 0.4

metal: 0.3

knife: 0.2

-




ne action, waiting ...

Present to annotator in simple interface



“Reorder” Action

no action, waiting ...




“Reorder” Action

wa]l—concw—uther
I| ;

{

-

-
[

|
L

) persomn

action: reorder




|II

“Change label” Action

no action, waiting ...




|II

“Change label” Action

couch

bed 2
hlanket

pillow

clothes

chair
textile-other
cloth

cat
furniture-other

no action, waiting ...
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“Remove” Action
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Final Result
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Example Annotation Result



https://docs.google.com/file/d/1Y7CvShAJZt_n3RcsP7wpK7tZZO7zUu8G/preview
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Results: Human Annotators
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Annotation time and Label Agreement

1250

Fluid
Annotation
(experts)

1000

750

500

Annotation time (seconds)

250

. o Polygon
Fluid Polygons COCO+stuff COCO+stuff Or_.lgmal Annotation
annotation  (LabelMe) (crowdsourcing) (experts)

Lin et al., Microsoft COCO: common objects in context, ECCV 2014
Caesar et al., COCO-Stuff: Things and Stuff classes in context, CVPR 2018



Example Results

COCO+Stuff original

Polygons




Example Results

ceiling-other

cabinet

ceiling-other . — ceiling-other

wall-concrete

wall-othex

clothes
wall-wood
doox-stuff

£looxr-othexr £loox—-other

Fluid Annotation Polygons




Open Images V4 and Challenge

- 600 object classes

- 15.4M bounding-boxes on
1.9M images

- 10x over existing datasets
- Complex images
(average 8 boxes)

- Visual Relationship
Detection annotations

- Challenge at ECCV 2018

https://storage.googleapis.com/openimages/web/index.html



https://storage.googleapis.com/openimages/web/index.html

