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Linjie Yang, Yuchen Fan, and Ning Xu. 2019. Video Instance Segmentation. In IEEE International
Conference on Computer Vision. 5188-5197.
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II\ Video Instance Segmentation

f Motivation

Extend the instance segmentation problem in the image domain to the video domain

Linjie Yang, Yuchen Fan, and Ning Xu. 2019. Video Instance Segmentation. In IEEE International
Conference on Computer Vision. 5188-5197.
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/ Problem Definition

aims at simultaneous detection, segmentation and tracking of object instances in videos

Linjie Yang, Yuchen Fan, and Ning Xu. 2019. Video Instance Segmentation. In IEEE International
Conference on Computer Vision. 5188-5197.
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Video Instance Segmentation

Problem Definition

In video instance segmentation, we have a predefined category label set

c={1,.,K}

where K is the number of categories.

Given a video sequence with T" frames, suppose there are N objects belonging to the category
set C in the video. For each object 7, let ¢! € C denote its category label, and let m m,, . denote its
binary segmentation masks across the video where p € [1,7T] and ¢ € | ,T] denote its starting and
ending time.

Suppose a video instance segmentation algorithm produces H instance hypotheses. For each
hypothese j, it needs to have a predicted category label ¢/ € C, a confidence score s € [0,1] and a
sequence of predicted binary masks rh%m G The confidence score is used for our evaluation metrics
which will be explained shortly.

Linjie Yang, Yuchen Fan, and Ning Xu. 2019. Video Instance Segmentation. In IEEE International
Conference on Computer Vision. 5188-5197.
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Linjie Yang, Yuchen Fan, and Ning Xu. 2019. Video Instance Segmentation. In IEEE International
Conference on Computer Vision. 5188-5197.
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Video Instance Segmentation

Related Work

» Image Instance Segmentation

Linjie Yang, Yuchen Fan, and Ning Xu. 2019. Video Instance Segmentation. In IEEE International
Conference on Computer Vision. 5188-5197.
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Ill‘ Video Instance Segmentation

f Related Work

D & T result for: ILSVRC2015_val_00144000/000000

T=1

=
r

» Video Object Tracking

One is the detection-based tracking which simultaneously detect and track
video objects. Methods under this setting usually take the “tracking-by-
detection” strategy. The other setting is the detection-free tracking, which
targets at tracking objects given their initial bounding boxes in the first frame.

Linjie Yang, Yuchen Fan, and Ning Xu. 2019. Video Instance Segmentation. In IEEE International
Conference on Computer Vision. 5188-5197.
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Video Instance Segmentation

Related Work

Motion Blur

» Video Object Detection

The evaluation metric is limited to per-frame detection and does not require
joint object detection and tracking.

Linjie Yang, Yuchen Fan, and Ning Xu. 2019. Video Instance Segmentation. In IEEE International
Conference on Computer Vision. 5188-5197.
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/ Related Work

» Image Instance Segmentation
» Video Object Tracking

» Video Object Detection

» Video Semantic Segmentation . _ . . _ . .
Direct extension of semantic segmentation to videos, where image pixels are

predicted as different semantic classes. Temporal information such as optical
flow 1is adopted to improve either accuracy or efficiency of semantic

> Video Object Segmentation segmentation models. Video semantic segmentation does not require explicit
matching of object instances across frames.

Linjie Yang, Yuchen Fan, and Ning Xu. 2019. Video Instance Segmentation. In IEEE International
Conference on Computer Vision. 5188-5197.
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Video Instance Segmentation

f Related Work

Semi-supervised video object segmentation targets at tracking and segment a

given object with a mask. In unsupervised scenario, a single foreground object

is segmented. In both settings, algorithms consider the target objects as
> Video Object Segmentation general objects and does not care about the semantic categories.

Linjie Yang, Yuchen Fan, and Ning Xu. 2019. Video Instance Segmentation. In IEEE International
Conference on Computer Vision. 5188-5197.
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Linjie Yang, Yuchen Fan, and Ning Xu. 2019. Video Instance Segmentation. In IEEE International
Conference on Computer Vision. 5188-5197.
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Ill‘ Video Instance Segmentation

/" YouTube-VIS

Table 1: High level statistics of YouTubeVIS and previ-
ous video object segmentation datasets. YTO, YTVOS,
and YTVIS stands for YouTubeObjects, YouTubeVOS,
and YouTube-VIS respectively.

YTO | FBMS | DAVIS YTVOS | YTVIS
Videos 96 59 50 90 4,453 2,883
Categories | 10 16 - - 94 40
Objects 96 139 50 205 7,755 4,883
Masks 1.7k | 1.5k 3.4k | 13.5k | 197k 131k
Exhaustive | X X X X X v

#Instances per category

10° 1

107 1

10! -

eagle
snowboard

tennis_racket

Figure 1: Number of unique video objects for the 40 categories in our dataset.
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> The 2019 version

® 2,883 high-resolution YouTube videos, 2,238 training videos,
302 validation videos and 343 test videos

® A category label set including 40 common objects such as
person, animals and vehicles

® 4,883 unique video instances

® 131k high-quality manual annotations

> The 2021 version

® 3,859 high-resolution YouTube videos, 2,985 training videos,
421 validation videos and 453 test videos.

® An improved 40-category label set by merging eagle and owl
into bird, ape into monkey, deleting hands, and adding flying
disc, squirrel and whale

® 8,171 unique video instances

® 232k high-quality manual annotations

> The 2022 version

® 71 additional long videos in validation and 50 additional long
videos in test set, with additional separate evaluation

® 259 additional unique video instances, 9304 high-quality
manual annotations

Linjie Yang, Yuchen Fan, and Ning Xu. 2019. Video Instance Segmentation. In IEEE International
Conference on Computer Vision. 5188-5197.
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/ Evaluation Metrics
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> Average Precision (AP) is defined as the area under the precision-recall (PR) curve.

AP is averaged over multiple intersection-over-union (IoU) thresholds. We follow the  precision = L
COCO evaluation metrics to use 10 IoU thresholds from 50% to 95% at step 5%. TP+ kP

» Average Recall (AR) is defined as the maximum recall given some fixed number of TP
segmented instances per video. recall = TP + FN
(0] — Ek S (m L U m k) Iélélr_]l}Zrﬁe{';;g;:gzl;gguf;n{/?ggnﬁgrﬁ égll 92319. Video Instance Segmentation. In IEEE International
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II\ Video Instance Segmentation

/" Mask R-CNN

Figure 1: The Mask R-CNN framework for instance segmentation.

Mask R-CNN which was a state-of-the-art method for image instance segmentation

Linjie Yang, Yuchen Fan, and Ning Xu. 2019. Video Instance Segmentation. In IEEE International
Conference on Computer Vision. 5188-5197.
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Linjie Yang, Yuchen Fan, and Ning Xu. 2019. Video Instance Segmentation. In IEEE International
Conference on Computer Vision. 5188-5197.
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f Main
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Linjie Yang, Yuchen Fan, and Ning Xu. 2019. Video Instance Segmentation. In IEEE International
Conference on Computer Vision. 5188-5197.
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Video Instance Segmentation
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Linjie Yang, Yuchen Fan, and Ning Xu. 2019. Video Instance Segmentation. In IEEE International

Conference on Computer Vision. 5188-5197.
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f Motivation
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Yuqing Wang, Zhaoliang Xu, Xinlong Wang, Chunhua Shen, Baoshan Cheng, Hao Shen, and Huaxia
Xia. 2021. End-to-end video instance segmentation with transformers. In IEEE Conference on
Computer Vision and Pattern Recognition. 8741-8750
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Yuqing Wang, Zhaoliang Xu, Xinlong Wang, Chunhua Shen, Baoshan Cheng, Hao Shen, and Huaxia
Xia. 2021. End-to-end video instance segmentation with transformers. In IEEE Conference on
Computer Vision and Pattern Recognition. 8741-8750
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/ Experiments

l'l‘ i;
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Yuqing Wang, Zhaoliang Xu, Xinlong Wang, Chunhua Shen, Baoshan Cheng, Hao Shen, and Huaxia
Xia. 2021. End-to-end video instance segmentation with transformers. In IEEE Conference on
Computer Vision and Pattern Recognition. 8741-8750
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f Motivation
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a stand-alone instance query suffices for capturing a time sequence of instances in a
video, but attention mechanisms shall be done with each frame independently

Junfeng Wu, Yi Jiang, Song Bai, Wenqing Zhang, and Xiang Bai. 2022. Seqformer: Sequential
transformer for video instance segmentation. In European Conference on Computer Vision. 553-569.
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Junfeng Wu, Yi Jiang, Song Bai, Wenqing Zhang, and Xiang Bai. 2022. Seqformer: Sequential
transformer for video instance segmentation. In European Conference on Computer Vision. 553-569.
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Junfeng Wu, Yi Jiang, Song Bai, Wenqing Zhang, and Xiang Bai. 2022. Seqformer: Sequential
transformer for video instance segmentation. In European Conference on Computer Vision. 553-569.
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(b)

(a) sampling points from the first decoder layer. The refined accurate sampling points
from the second and last decoder layer are shown in (b) and (c)

Junfeng Wu, Yi Jiang, Song Bai, Wenqing Zhang, and Xiang Bai. 2022. Seqformer: Sequential
transformer for video instance segmentation. In European Conference on Computer Vision. 553-569.
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f Experiments

Backbone | Method | Params | FPS | AP AP5;9 AP75; AR; ARy
MaskTrack R-CNN | 58.1M | 20.0 | 30.3 51.1 326 31.0 355
STEm-Seg 505M | 7.0 | 30.6 50.7 335 37.6 371 60 -
SipMask 332M | 30.0 | 33.7 541 358 354 401
CompFeat - - 363 56.0 386 33.1 403 SeqFormer-Swin
SG-Net - - | 348 561 368 358 408 o1
ResNet-50 VisTR 57.2M | 69.9 | 362 59.8 369 372 424 S0 .
MaskProp - - | 400 - 429 - -2 R101
CrossVIS 37.5M | 39.8 | 36.3 56.8 389 356 40.7 < 50
Propose-Reduce 69.0M - 40.4 63.0 43.8 41.1 497 &
IFC [?] 30.3M | 107.1 | 428 658 468 438 512 2% IFC Propose-Reduce
SeqFormerf 493M | 723 | 451 669 50.5 45.6 546 7 ./. AP | Params
SeqFormer 493M | 723 | 474 69.8 51.8 455 54.8 VETRRSO 367 T SToM
MaskTrack R—CNN 77.2M = 31.8 53.0 33.6 33.2 37.6 3 40 VisTR CrossVIS-R50 36.3 37.5M
STEm-Seg 69.6M - 346 558 379 344 416 ProposeReduce-R50 | 40.4 | 69.0M
SG-Net - - 36.3 57.1  39.6 359 43.0 CrossVIS IFC-R101 44.6 | 582M
VisTR 76.3M | 57.7 | 40.1 64.0 45.0 383 449 o—9 Mask-Track  SeqFormer-R50 474 | 49.3M
ResNet-101 MaskProp - - 42.5 - 45.6 . - 35 STEm-Seg ProposeReduce-X101 | 47.6 | 127.1M
CrossVIS 56.6 35.6 | 36.6 57.3 39.7 36.0 42.0 SeqFormer-R101 49.0 | 68.3M
Propose-Reduce 88.1M - | 438 655 474 430 53.2 SeqFormer-X101 512 | 112.6M
IFC 58.3M | 89.4 | 44.6 69.2 49.5 440 52.1 SeqFormer-Swin | 59.3 | 220.1IM
SeqFormer 68.4M | 64.6 | 49.0 71.1 55.7 46.8 56.9 30
MaskProp - - 44.3 - 483 - - 30 80 130 180 230
ResNeXt-101 | Propose-Reduce 127.1M - 476 T71.6 51.8 46.3  56.0 Params(Millions)
SeqFormer 112.7M | 30.7 | 51.2 75.3 58.0 46.5 57.3
Swin-L SeqFormer 220.0M | 27.7 | 59.3 82.1 66.4 51.7 64.4

Junfeng Wu, Yi Jiang, Song Bai, Wenqing Zhang, and Xiang Bai. 2022. Seqformer: Sequential
transformer for video instance segmentation. In European Conference on Computer Vision. 553-569.
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Junfeng Wu, Qihao Liu, Yi Jiang, Song Bai, Alan L. Yuille, and Xiang Bai. 2022. In Defense of
Online Models for Video Instance Segmentation. In European Conference on Computer Vision. 588—
605.

Video Instance Segmentation -31-



-

> X% 42 LW
;I’,’x\)x@)f%g

II\ In Defense of Online Models for Video Instance Segmentation
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complex and occluded scenarios

Junfeng Wu, Qihao Liu, Yi Jiang, Song Bai, Alan L. Yuille, and Xiang Bai. 2022. In Defense of
Online Models for Video Instance Segmentation. In European Conference on Computer Vision. 588—
605.
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f Oracle experiments on SOTA offline methods & motivation

IFC SeqFormer
> 513 >18 62
48.1 49.5 49.7 01— 5790 5820 5790 5740  57.60 57.0
s ds1 490 490 49 497 0 55 579 TS~a________
53.8 5301 4 T mmemeee-e
50.2 50.2
45
35
A o
< <35 320 323 31.8 315
25.9 :
25 24.6 25.8 25.1 242 s Y: 30.3 29.8
24.6 Yy ' 25 28.3
22.5 25.0
18.8
15 15 18.9
13.5
10.5 11.5
5 5 8.9
1 3 5 10 20 30 1 3 5 10 20 30
Clip length ( Frame ) Clip length ( Frame )
frame on YIVIS === clipon YTVIS frame on OVIS clip on OVIS

For frame oracles, we provide the ground-truth instance ID both within each clip and between adjacent clips.
For clip oracles, we only provide the ground-truth instance ID between adjacent clips, and the method 1s required to

dO aSSOClatlon Wlthln the Chps by ltself' Junfeng Wu, Qihao Liu, Yi Jiang, Song Bai, Alan L. Yuille, and Xiang Bai. 2022. In Defense of

Online Models for Video Instance Segmentation. In European Conference on Computer Vision. 588—
605.
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Online v.s. Offline

Dataset Method  Publish Predicted Frame Oracle
CrossVIS ICCV 2021 43.4 H2.8
feiutinbe- VISREIE NeurIPS 2021  46.8 50.1
OVIS CrossVIS ICCV 2021 10.1 29.9
IFC NeurIPS 2021 8.7 25.1

Key insight: matching/association is the main reasoning for the performance gap

Junfeng Wu, Qihao Liu, Yi Jiang, Song Bai, Alan L. Yuille, and Xiang Bai. 2022. In Defense of
Online Models for Video Instance Segmentation. In European Conference on Computer Vision. 588—
605.
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Junfeng Wu, Qihao Liu, Yi Jiang, Song Bai, Alan L. Yuille, and Xiang Bai. 2022. In Defense of
Online Models for Video Instance Segmentation. In European Conference on Computer Vision. 588—
605.
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/ Contrastive Learning

(a) IoUBased

o Y

(b) GT Box | - (©) Optim Transprt

The panda with red bounding box in (b) is the key instance. The positive samples selected by the IoU-based method are
shown in (a), which causes false positives

Junfeng Wu, Qihao Liu, Yi Jiang, Song Bai, Alan L. Yuille, and Xiang Bai. 2022. In Defense of
Online Models for Video Instance Segmentation. In European Conference on Computer Vision. 588—
605.
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f Contrastive Learning

Method mAP AmAP mAP S mAPL
ResNet-50 42.4 - 45.5 39.2
Swin-L 53.0 10.6 57.6 48.4
+pseudo frame  55.2 2.2 59.7 50.7
+multi-scale 56.6 1.4 61.2 52.0
+multi-model 57.6 1.0 61.7 53.6

Swin-L: Integrated with the Swin Transformer backbone.

pseudo frame: Randomly crop a image from COCO twice to form a pseudo key-reference frame pair.
multi-scale testing: The shortest side is at [480, 640, 800].

multi-model: Ensemble Swin-L and ConvNext-L.

Junfeng Wu, Qihao Liu, Yi Jiang, Song Bai, Alan L. Yuille, and Xiang Bai. 2022. In Defense of
Online Models for Video Instance Segmentation. In European Conference on Computer Vision. 588—
605.
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f Experiments

Backbone  Method Type FPS Data AP APs;y AP7s AR; ARy Backbone  Method Type AP APso AP7s AR:1 ARy
MaskTrack R-CNN [45] online 20.0 V 303 51.1 326 31.0 35.5 MaskTrack R-CNN [45] online 28.6 48.9 29.6 26.5 33.8
SipMask [4] online 300 V  33.7 541 358 354 40.1 SipMask [4] online 31.7 525 34.0 30.8 37.8
CompFeat (] online - V 353 56.0 386 33.1 403 STMask [2(]] online 31.1 504 335 269 356
o online 398 V363 568 389 356 407  ResNet-50 CrossVIS [46] online 34.2 544 37.9 304 382
PCAN [1g] online - V 36.1 549 394 36.3 41.6 C 6 oEE e B &
STEm-Seg [1] 70 V+I 306 50.7 335 37.6 37.1 IFC [16] 36.6  57.9 393 - -
. VisTR [37] 699 V362 598 36.9 372 424 SeqFormer [40] ‘ 40.5 624 43.7 36.1 48.1
o MaskProp [3] . V. 40.0 - 429 . - IDOL(ours) online 43.9 68.0 49.6 38.0 50.9
Propose-Reduce [21] - V+I 404 63.0 43.8 41.1 49.7 Swi SeqFormer [4()] 51.8 T74.6 58.2 42.8 58&.1
IFC [16] 1071 V428 658 46.8 438 51.2 win-L IDOL (ours) online 56.1 80.8 63.5 45.0 60.1
SeqFormer [40] 723 V451 669 505 456 54.6
SeqFormer [40] 723 V41 474 69.8 51.8 455 54.8 YouTube-VIS 2021
IDOL(ours) online 30.6 V 464 70.7 51.9 44.8 54.9
IDOL(ours)’ online 30.6 V 49.5 74.0 52.9 47.7 58.7
MaskTrack R-CNN [15] online - \Y% 31.8 53.0 33.6 332 37.6
CrossVIS [16] online 35.6 V  36.6 57.3 39.7 36.0 42.0 Backbone Method Type AP APso APzs AR1 ARy
PCAN [18] online - V 376 572 413 372 439 , ———
STEm-Seg [1] - V41 346 558 379 344 416 MaskTrack R-CNN [45]  online 10.8 25.3 8.5 79 149
VisTR [37] 577 V. 40.1 64.0 450 383 449 SipMask [4] online 10.2 247 78 7.9 158
ResNet-101 MaskProp [3] - V 425 - 456 - - CMaskTrack R-CNN [30] online 154 33.9 13.1 9.3  20.0
Propose-Reduce [21] - V+I 438 655 474 43.0 532 Netso CrossVIS [46] online 14.9 32.7 121 103 19.8
IFC [16] i 89.4 V. 446 692 495 440 52.1 ResNet-50 STEm-Seg [1] 138 321 119 9.1 20.0
SeqFormer [40 64.6 V+I 49.0 71.1 55.7 46.8 56.9 1 q : ) .
IDOL(ours) online 26.0 V 482 73.6 525 456 55.5 I‘FC [16] P 13"1 _27'8 6 94 259
IDOL (ours) online 260 V 50.1 731 56.1 47.0 57.9 SeqFormer! [40] 151 319 138 104 27.1
: IDOL(ours) online 30.2 51.3 30.0 15.0 37.5
SeqFormer [10] 27.7 V41 593 821 66.4 51.7 64.4
Swin-L IDOL(ours) online 176 V 615 842 69.3 53.3 65.6 Swin-L IDOL(ours) online 42.6 65.7 45.2 17.9 49.6
IDOL(ours)’ online 17.6 V 62.2 86.5 (9.2 54.6 68.1

— OVIS
Junfeng Wu, Qihao Liu, Yi Jiang, Song Bai, Alan L. Yuille, and Xiang Bai. 2022. In Defense of
Online Models for Video Instance Segmentation. In European Conference on Computer Vision. 588—
605.

YouTube-VIS 2019
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In Defense of Online Models for Video Instance Segmentation

KNI ext

Next-generation Video instance recognition framework

Project: https://github.com/wjf5203/VNext

Junfeng Wu, Qihao Liu, Yi Jiang, Song Bai, Alan L. Yuille, and Xiang Bai. 2022. In Defense of
Online Models for Video Instance Segmentation. In European Conference on Computer Vision. 588—
605.
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VITA: Video Instance Segmentation via Object Token Association
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f Experiments

Table 1: Comparisons on YouTube-VIS 2019.

Method | Backbone | AP AP5, AP7; AR:i ARy
MaskTrack R-CNN | ResNet-50 30.3 51.1 326 31.0 35.5

o MaskTrack R-CNN | ResNet-101 | 31.8  53.0 33.6 33.2 37.6
g | CrossVIS ResNet-50 36.3  56.8 38.9 35.6 40.7
g CrossVIS ResNet-101 | 36.6  57.3 39.7 36.0 42.0
— PCAN ResNet-50 36.1 54.9 394 36.3 41.6
s | PCAN ResNet-101 | 37.6  57.2 41.3 37.2 439
Z | EfficientVIS ResNet-50 37.9 59.7 43.0 40.3 46.6
Efficient VIS ResNet-101 | 39.8  61.8 44.7  42.1  49.8
VISOLO ResNet-50 38.6 56.3 43.7 35.7 425
VisTR ResNet-50 35.6  56.8 37.0 35.2 40.2
VisTR ResNet-101 | 38.6 61.3 42.3 37.6 44.2
IFC ResNet-50 41.2  65.1 44.6  42.3 49.6
IFC ResNet-101 | 42.6 66.6 46.3 43.5 51.4
TeViT MsgShifT 46.6 71.3 51.6 44.9 54.3

o | SeqFormer ResNet-50 | 47.4 69.8 51.8 455 54.8
£ | SeqFormer ResNet-101 | 49.0 71.1 55.7 46.8 56.9
E | SeqFormer Swin-L 59.3 821 664 51T 644
Mask2Former-VIS ResNet-50 46.4 68.0 50.0 - -
Mask2Former-VIS ResNet-101 | 49.2 72.8 54.2 - -
Mask2Former-VIS Swin-L 60.4 84.4 67.0 - -
ResNet-50 49.8 72.6 54.5 494  61.0

VITA (Ours) ResNet-101 | 51.9 754  57.0 49.6 59.1
Swin-L 63.0 86.9 67.9 56.3 68.1

Video Instance Segmentation

501
0|

304
/ w— V' TTA W/ s1m

VITA w/o sim

Mask AP

201

s Mask2Former-VIS'
101 e Mask2Former-VIS

20 40 60 80 100
Total lterations (K)

Table 1: Comparisons with ResNet-50 backbone on YouTube-VIS 2021 and
OVIS. 1 indicates using MsgShifT backbone. i indicates using Swin-L backbone.

Method

YouTube-VIS 2021
AP AP50 AP75 ARl

OVIS

AR10 AP AP50 AP75 ARl AR10

MaskTrack R-CNN
CMaskTrack R-CNN

STMask

CrossVIS

IFC

VISOLO

TeViTT
SeqFormer
Mask2Former-VIS

28.6 489 296 26.5 33.8 | 108 253 8.5 7.9 14.9
- - - - - 154 339 131 9.3 20.0
31.1 504 335 269 356 | 154 33.8 125 8.9 21.3
342 544 379 304 382 | 149 327 121 103 198
35.2 559 377 326 429 - - - - -
369 547 402 306 409 | 153 310 138 11.1 217
379  61.2 421 351 446 | 174 349 150 112 218
40.5 624  43.7 36.1 48.1 - - - -

40.6 609 418 - -

VITA (Ours)

45.7 67.4 49.5 40.9 53.6‘19.6 41.2 174 11.7 26.0

SeqFormer?

Mask2Former-VIS?

51.8 746 58.2 428 581 - = - - -
52.6 764  57.2 - - r -

VITA (Ours)?

| 57.5 80.6 61.0 47.7 62.6 | 27.7 51.9 24.9 14.9 33.0
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