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Overview

= Correspondence Learning for Self-Supervised Video Segmentation

@ Existing solution:

unsupervised correspondence learning
+

embedding decoding non-learnable mask warping
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Overview

= Correspondence Learning for Self-Supervised Video Segmentation

Existing solution:
unsupervised correspondence learning
+

embedding decoding non-learnable mask warping
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Overview

= Unified Mask Embedding and Correspondence Learning
Our solution:

o=y japeias mask embedding learning

{ segmentatip '1 +

. " mask dense correspondence learning
embedding decoding
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Overview

= Unified Mask Embedding and Correspondence Learning
Our solution:

mask embedding learning
+
dense correspondence learning
Advantanges:

e Aligned training objective with the

i’ o core nature of VOS.
75_-ResNet—18 Ours .
ResNet-50 . K\“"‘w urpy ® larget-oriented context can reduce
r 69.4 R H
| r9(F] e T VES[35] error accumulation and perform
2 655 2ol AN 3
3 . s A, o more robust.
63} -“\‘ . __MAST[28]
sof- —* Empowered by more advanced VOS
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Our Method

= Space-time Clustering

visual cluster The goal of this step is to partition each training

: video into M space-time consistent segments
results S* . . . !
video encoder which can be achieved by solving the following

£ “ optimization problem:
min > ||i —Csi|, st sie{0, 1}, 1Ts;=1.
1=> b, & C,5 —1i€el
‘ clusterlng = Moreover, to pursue spatiotemporally compact
- 2 (k-means) clusters, for each pixel, we supply its embedding

T with a 3D sinusoidal position encoding vector.



Our Method

» Mask-embedded Segmentation Learning

query frame 7,  Visual Y,
encoder

We first apply our visual encoder and
frame-mask encoder over each reference
frame and each reference mask to obtain
visual and target-specific embeddings:

mask
decoder

reference frame- frame-mask
mask pairs (I, Yr.)n  encoder

A
(b)
In this step, our model utilizes clustering results

as pseudo ground-truths, to directly learn VOS
as mask embedding and decoding.

ESeg
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Our Method

» Mask-embedded Segmentation Learning

query frame 7,  Visual Y,
encoder
G & mask We then estimate the affinity between
- decoder Lsee the query and reference frames by:

reference frame- e Tiask

. A = softmax(I. I, ) € RVEWXHAW,
mask pairs (I..,Y:.)n  encoder

[Jj_] ) Target-specific, supportive features are
accordingly assembled to yield:
In this step, our model utilizes clustering results V,= ATV, e REWXD

as pseudo ground-truths, to directly learn VOS
as mask embedding and decoding.



Our Method

» Mask-embedded Segmentation Learning

query frame 7,  Visual Y,

encoder We first construct a coarse mask for the

qguery image by warping the reference
masks w.r.t. the affinity:

Yq — AT[K‘UYTza o '>Y7“n] S RHW'

mask
decoder

ESeg

reference frame- frame-mask
mask pairs (I, Yr.)n  encoder

[Jj_] ®) The segmentation prediction for the query
image is made by:
In this step, our model utilizes clustering results }‘/q = D([V,, V3 ]),

as pseudo ground-truths, to directly learn VOS ~ ~ ,
as mask embedding and decoding. V, =V([I,,Y,]) € R"W*P"



Our Method

= Self-supervised Dense Correspondence Learning

Short-term Appearance Consistency

short-term r
consistency ~~Short

0 g(It) ~ g(-[t—}—l)

short-term consistency

® £(0(1:)) = ®(E(1L))

transformation-equivariance

Given two successive frames I;, [;11 €71, their
representations, delivered by the visual encoder,
v il — A B by & are constrained to be equivariant against geo-
= T . Y-l O (1) metric transformations (i.e., scaling, flipping, and
long-te Ve cropping).

dependency "¢ (C)




Our Method

= Self-supervised Dense Correspondence Learning

short-term Long-term Semantic Dependency

consistency Lsnort D (L;41)

0 E(I)~ ALTE(LL)

long-term dependency

8 £(0(1:)) = 2(E(1r))

transformation-equivariance

Ii 11

Given two distant frames I+, Iy € Z (s.t. [t —t'| > 5),
their representations, after being aligned w.r.t. the
- = C affinity Ai, , are constrained to be equivariant
. b A against geometric transformations (i.e., scaling,
10ng_term flipping, and cropping).

dependency

»CLong



= Qulititative Results on DAVIS,, val and YouTube-VOS val

CRW

LIIR

Ours

CRW [34] and LIIR [3 1] suffer from error accumulation during mask tracking, due to the simple matching-based mask copy-paste strategy.
However, our approach performs robust over time and yields more accurate segmentation results, by learning to embed target masks.



» Quantitative Results on DAVIS,; val

Method Backbone Dataset(size) J&F .t Tt T Foul F
Colorization[26] zccviss ResNet-18 Kinetics( - , 800 hours) 340 34.6 34.1 32.7 26.8
CorrFlow [27] suvcisy ResNet-18 OxUvVA( -, 14 hours) 50.3 484 53.2 52.2 56.0
TimeCycle[32]cveriey  ResNet—-50 VLOG( -, 344 hours) 48.7 46.4 50.0 50.0 48.0
UVC[35] Neuresioy ResNet-18 C+Kinetics (30K, 800 hours) 57.8 56.3 65.0 59.2 64.1
MuG[59]cver; ResNet-18 OxUvVA( -, 14 hours) 543 52.6 57.4 56.1 58.1
MAST[28]icvere;  ResNet-18 Youtube-VOS( -, 5.58 hours) 65.5 63.3 73.2 67.6 77.7
CRW [34] Newes20y ResNet—-18 Kinetics( - , 800 hours) 68.3 65.5 78.6 71.0 82.9

ConCorr[41]aae;  ResNet-18 C+TrackingNet (30K, 300 hours) 63.0 60.5 70.6 65.5 73.0
CLTC[37]icveran  ResNet-18 Youtube-VOS(-,5.58 hours) 70.3 67.9 78.2 72.6 83.7

JSTG[60]ucevay  ResNet-18 Kinetics( - , 800 hours) 68.7 65.8 77.7 71.6 84.3
ResNet-18 L 67.9 65.0 77.2 70.8 82.3

VES [90uconn b oNet—50 Kinetics(-, 800 hours) /0 667 78.6 72.0 85.2

ResNet—-50 56.2 54.5 58.1 57.9 60.3

DINO[74] ecvn ViT-B/8 I(1.28M, -) 714 679 81.6 74.9 85.4
DUL[ ]INcur[PS?_ll ResNet-18 Youtube-VOS( =, 5.58 hours) 69.3 67.1 81.2 71.6 84.9

SCR[40]icvirzy ResNet-18 Kinetics( - , 800 hours) 70.5 67.4 78.8 73.6 84.6

LIR[31]icver; ResNet-18 Youtube-VOS( -, 5.58 hours)  72.1 69.7 81.4 74.5 85.9

ResNet-18 745 71.6 82.9 77.4 86.9

OURrs ResNet—50 Youtube-VOS(-,5.58 hours) 75 ¢ 73 3 836 77.8 87.3

[CVPRI17]

[ICCV19]

- I: ImageNet[75]; C: COCO [76]; D: DAVIS17[42].

Table 1. Quantitative segmentation results (§4.1) on DAVIS;;[42] val. For dataset
size, we report (#raw images, length of raw videos) for self-supervised methods and
(#image-level annotations, #pixel-level annotations) for methods.




= Quantitative Results on DAVIS,, test-dev and YouTube-VOS val

Seen Unseen
Il Fml  Iml Fml
Colorization[26] Eccviss ResNet-18 389 43,1 38.6 36.6 37.4

COI‘I‘FlOW[ ] Bmvclyy ResNet-18 46.6 50.6 46.6 43.8 45.6

MAST[28] cverey  ResNet-18 64.2 639 649 603 67.7
CRW [34] meups200 ResNet—-18 68.7 674 69.1 65.1 732

Method Backbone J&F,;t

Method Backbone J&F.,t It T4 Faub Ft
MAST[28]icvereoy ResNet-18 543  50.7 589 57.8 64.5
CRW [34] wewres2; ResNet-18 55.9 52.3 - 59.6 -

DUL[38] wewrs2n ResNet-18 57.0 53,5 604 60.5 67.6

SCR[/0]cumss  ResNet-18 599 559 - 640 - CLTC[37] cvmen ResNet-18 673 662 67.9 632 71.7
LIR[31] vy ResNet-18 57.5 552 63.1 59.8 68.6 DUL [38] weurs2y ResNet-18 699  69.6 713 65.0 73.5
ResNet-18 613 594 66.5 63.1 73.7 LIR[31] cverey ResNet-18 69.3 67.9 69.7 65.7 73.8
OURs ResNet-50 624 60.6 669 642 743 OURS ResNet-18 71.6 710 742 66.0 75.3
[CVPRI18] ResNet-50 72.4 71.7 74.6 67.0 76.2

[ICCV19] [CVPR17]

Table 2. Quantitative results (§4.1)onDAVIS17[42] test—dev. eVl

Table 3. Quantitative results (§4.1) on YouTube-VOS [52] val.



= Ablative studies on DAVIS,,

Loss J&Ft TInt Fmd #Ref. Frame J&Ft It Fad #Centroid J&F,T It Fud

Lshort 57.4 55.8 589 First 68.8 65.7 71.9 M=2 67.5 65.2 69.8

Liong 67.2 649 69.5 First+Last 1:15 73.2 70.4 76.0 M=3 71.6 69.0 74.2

Lshort + Liong 68.8 66.7 70.9 First+ Last 1:20 74.5 71.6 77.4 M=5 74.5 71.6 77.4

Lseg 62.3 60.5 64.0 First+ Last 1:25 73.5 70.9 76.1 M=28 72.5 69.6 75.4

Lseg+Lshort+L1Long 74.5 71.6 774 First + Last 1:30 72.8 70.2 75.3 M =10 70.1 67.3 72.9
(a) loss design (b) number of reference frames (c) number of cluster centers

Mask update J&F,;t Tt Fml Round J&F,.1 Tt Fml FPS Strategy Loss J&Fnt It Ft FPS

No update 71.1  68.3 739 0 69.7 673 72.1 1.86 photometric MAST [28] 65.5 63.3 67.6 1.13

Per 20 epoch  72.8 69.9 75.7 1 72.6 69.8 754 1.84 reconstruction ~ MAST [28]+Lsez 69.0 (+3.5) 66.4 71.6 1.01

Per 15epoch 739 70.8 77.0 2 739 71.1 76.7 1.80 cycle-consistency CRW [34] 67.6 64.6 70.6 1.86

Per 10epoch 745 71.6 774 3 745 71.6 774 1.77 tracking CRW [34]+Lse, 71.8 (+4.2) 68.3 75.3 1.77

Per Sepoch 725 69.5 755 4 743 712 713 1.73 contrastive Lcor (Ours) 68.8 66.7 70.9 1.86

Every epoch  69.7 66.7 72.6 5 740 71.0 77.0 1.69 matching Lcom+Lseg 745 (+5.7) 71.6 77.4 1.77

(d) pseudo mask update (e) recurrent refinement (f) correspondence learning schema

Table 4. A set of ablative studies on DAVIS;7[42] val (§4.2). The adopted settings are marked in red.
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