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Video object segmentation

> Video frames = Object
segmentation masks

> Unsupervised task
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Object of interest

Object / Group of strongly
connected objects

Most noticeable

What is the sequence
about

Perazzi et al. [10]
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Video Object Segmentation

Perazzi et al. [10]
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Motivation Btd/f/d

» Move beyond traditional frame by frame approaches

» Exploit spacetime data

» Use spacetime coherence as self-supervision signal
» Accidental alignments are rare
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Spacetlme graph Bitdefender
» Nodes connected through motion flows belong to the same
object
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Spacetime graph e
» G=(V,E)
» Nodes correspond to s

video pixels
> |V|:n:th

» Adjacency matrix
> M 6 Ran
MiJ = /(laj)k(laj)
» 1(i,j) - motion chains
k(iaj) - dtemporal(i7j)
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Space time graph

» Nodes features
» fie R1xd
» Collected along outgoing

motion flows
» FcR™d

» Nodes labels
» x; €[0,1]
» Soft segmentation labels
> X E Rn><1

Frame 3

Frame t

Frame t+1

Frame t+2

Frame t+3
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Problem formulation Btd/f/d

» Maximize graph clustering score
T
4 S(_‘ = Zi,jEVXinMi.J =x'Mx
» Strong cluster in terms of motion flows

» Enforce feature-label consistency
> |[Fw—x]
» Features should be able to predict node labels

» Subject to

> x| =1
» Interested in relative values of the labels
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Problem formulation m/f:

> (x*,w") =argmax,,, S(x,w) s.t. [x[2=1

S(x,w) =x"Mx — o(Fw—x)T (Fw—x) — fw " w
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Algorithm o

» Propagation:
x(t+1) o Mx(it)

> Regression:
wlit+1) (FTF 7B|d)*1FTx(it+1)

» Projection:
x(t+1)  Fwit+1)
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Convergence e

> Lead eigenvector of a specific matrix

(it+1) — _Ax(®)
> X TAX[];

» A= F(FTF —Bld)_lFTM =PM
» P - depends only on features
» M - depends only on optical flow
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Qualitative evolution
over several iterations

random initialization

unsupervised features




Convergence - independence from initialization —_

Performance evolution
considering different initializations

M —
—
o
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algorithm step
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The role of features




Quantitative Results - DAVIS dataset

Task Method J Mean F Mean | sec/frame
PDB[12] 772 745 0.05
ARP[7] 76.2 70.6 N/A
LVO[14] 75.9 72.1 N/A
FSEG[4] 70.7 65.3 N/A
Supervised | LMP[13] 70.0 65.9 N/As
features GO-VOS supervised
-+ features of [12] 79.9 ( 78.1 0.91
. GO-VOS supervised
Unsupervised + features of [7] 787 ( 731 0.91
GO-VOS supervised
+ features of [14] 77.0 ( 73.7 0.91
GO-VOS supervised
+ features of [4] 74.1 ( 69.9 0.91
GO-VOS supervised
+ features of [13] 73.7 ( 69.2 0.91
ELM[8] 61.8 61.2 20
FSTI9] 55.8 511 4
Unsupervised | U110 552 552 ~1.7
NLC[2] 551 523 12
GO-VOS unsupervised 65.0 61.1 0.91
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Qualitative comparison




Quantitative Results - YouTube-Objects dataset
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> YouTube-Objects v1.0
Method aero | bird | boat | car cat | cow | dog | horse | moto | train || avg | sec/frame
[11] 51.7 | 175 | 344 | 347 | 223 | 179 | 135 | 26.7 | 41.2 | 25.0 | 28.5 N/A
[9] 65.4 | 67.3 | 38.9 | 65.2 | 46.3 | 40.2 | 65.3 | 48.4 | 39.0 | 25.0 | 50.1 4
[15] 75.8 | 60.8 | 43.7 | 71.1 | 465 | 54.6 | 55.5 | 549 | 42.4 | 358 || 54.1 N/A
[5] 64.3 | 63.2 | 73.3 | 68.9 | 444 | 625 | 714 | 52.3 | 78.6 | 23.1 | 60.2 N/A
HPP[3] 76.3 | 71.4 | 65.0 | 58.9 | 68.0 | 55.9 | 70.6 | 33.3 | 69.7 | 42.4 | 61.1 0.35
[1] 770 | 67.5 | 77.2 | 68.4 | 545 | 68.3 | 72.0 | 56.7 | 44.1 | 349 | 62.1 0.04
GO-VOSs
unsupervised || 88.2 | 82.5 | 62.7 | 76.7 | 70.9 | 50.0 | 81.9 | 51.8 | 86.2 | 55.8 || 70.7 0.91
> YouTube-Objects v2.2
Method aero | bird | boat | car | cat | cow | dog | horse | moto | train || avg || sec/frame
[1] 75.7 | 56.0 | 52.7 | 57.3 | 46.9 | 57.0 | 48.9 | 44.0 | 27.2 | 56.2 || 52.2 0.02
HPP[3] 76.3 | 68.5 | 54.5 | 50.4 | 59.8 | 42.4 | 53.5 | 30.0 | 53.5 | 60.7 | 54.9 0.35
GO-VOS
unsupervised || 79.8 | 73.5 | 38.9 | 69.6 | 54.9 | 53.6 | 56.6 | 45.6 | 52.2 | 56.2 || 58.1 0.91
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Qualitative Results - YouTube-Objects dataset




Quantitative & Qualitative Results Btd/f/d

SegTrack dataset

[ Task Method 10U | sec/frame

KEY [9] 573 120

Supervised | FSEG [4] 61.4 | N/A

features | LVO (16] 573 | NJA

v [10] 503 | N/A

nsupervised

FST [11] 54.3 4

Unsupervised cuT[o] irs =17

HPP (3] 501 | 035

| GO-VOS unsupervised | 62.2 0.91
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Thank you!
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