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Online VIS approaches & Offline VIS approaches
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Online VIS approaches & Offline VIS approaches
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Online VIS approaches & Offline VIS approaches
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Disadvantages :

such methods show difficulties in
handling long sequences as the
myriad of dense reference features
hinders the Transformer layers from
retrieving relevant information.

[ add & norm J+

~{ masked attention |
vf Kf O

Masked-attention Mask Transformer for Universal Image Segmentation [CVPR2022]

|mask| [;l CIEE
image  query
features features




I (1 VITA: Video Instance Segmentation via Object Token Association

VITA approach .

Hypotheses: Frame —r[DctccmrJ—b Pred. %
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a feature vector (or a token); ‘ 3 - ;
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* Frame-level Detector
 frame-independent manner; no inter-computation between frames is involved
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* Object Encoder
 Build temporal communication by employing self-attention along the temporal axis
* Object Decoder and Output heads

* Q: N, learnable queries
* K, V: object tokens
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* Object Encoder
 Build temporal communication by employing self-attention along the temporal axis

* Object Decoder and Output heads
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* Object Encoder
 Build temporal communication by employing self-attention along the temporal axis
« Object Decoder and Output heads S

* Q: N, learnable queries  add&nomm o |
* K, V: object tokens I
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« Similarity loss

~*» Embed the collection through a linear layer.
(a) Frame-level (b) VITA Matching
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t . . . g .
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query and frame query, respectively. Same color rep- Total Iterations (K)
resents same GT instance ID.



Table 1: Comparisons on YouTube-VIS 2019.

Method Backbone [13] AP AP50 AP75 ARl ARlO
MaskTrack R-CNN [31] | ResNet-50 303 51.1 326 31.0 355
o MaskTrack R-CNN [31] | ResNet-101 31.8 53.0 33.6 332 376
£ | CrossVIS [32] ResNet-50 36.3 568 389 35.6 40.7
g CrossVIS [32] ResNet-101 36.6 573 397 360 420
— | PCAN [16] ResNet-50 36.1 549 394 363 41.6
§ PCAN [16] ResNet-101 37.6 572 413 372 439
Z | EfficientVIS [28] ResNet-50 379 597 430 403 46.6
EfficientVIS [28] ResNet-101 398 61.8 447 42,1 498
VISOLO [11] ResNet-50 38.6 563 4377 357 425
VisTR [27] ResNet-50 356 568 370 352 402
VisTR [27] ResNet-101 386 613 423 37.6 442
IFC [14] ResNet-50 41.2 65.1 446 423 49.6
IFC [14] ResNet-101 426 66.6 463 435 514
TeViT [33] MsgShifT 46.6 713 516 449 543
o | SeqFormer [29] ResNet-50 474 698 51.8 455 548
.CE SeqFormer [29] ResNet-101 49.0 7I1.1 55.7 46.8 569
“'o- SeqFormer [29] Swin-L 59.3 82.1 664 51.7 644
Mask2Former-VIS [6] ResNet-50 464 68.0 50.0 - -
Mask2Former-VIS [6] ResNet-101 492 728 54.2 - -
Mask2Former-VIS [6] Swin-L 604 844 67.0 - -
ResNet-50 498 726 545 494 61.0
VITA (Ours) ResNet-101 519 754 570 49.6 59.1
Swin-L 63.0 869 679 563 68.1

the tendency of offline
methods with higher
accuracy



Table 2: Comparisons with ResNet-50 backbone on YouTube-VIS 2021 and OVIS. 7 indicates using

MsgShifT backbone.
Method YouTube-VIS 2021 OVIS

ctho AP AP, AP;,5 AR; AR;g | AP AP;5y AP7;; AR; ARy
MaskTrack R-CNN [31] 286 489 296 265 33.8 | 10.8 253 8.5 7.9 14.9
CMaskTrack R-CNN [22] - - - - - 154 339 13.1 9.3 20.0
STMask [18] 31.1 504 335 269 356 | 154 338 125 8.9 21.3
CrossVIS [32] 342 544 379 304 382 | 149 327 121 103 198
IFC [14] 352 559 377 326 429 - - - - -
VISOLO [11] 369 547 402 306 409 | 153 31.0 138 11.1 21.7
TeViT' [33] 379 612 421 351 446 | 174 349 150 112 21.8
SeqFormer [29] 40.5 624 437 36.1 48.1 - - - - -
Mask2Former-VIS [6] 40.6 609 41.8 - - - - - -
VITA (Ours) 457 674 495 409 536 | 196 412 174 11.7 26.0

YouYube VIS2021: We hypothesize that the object-oriented design of

VITA is more effective than typical dense Transformer decoders in

addressing such challenging scenes.
OVIS: VITA is the first complete-offline approach to evaluate on OVIS
valid set. (maximum 292 frames)



Table 3:

sizes 1in Object Encoder.

Impact of local windows of varying

%4 AP AP50 AP75 AR1 AR10
3 1494 722 544 486 609
6 498 726 545 494 61.0
12 1 50.0 73.0 5477 49.0 60.8
All | 50.1 724 5477 49.0 60.6

Table 4: Maximum number of frames that can
be processed at once using a single Titan XP.

Max Frames

Method 360 x 640 720 x 1280
VisTR [27] 46 12
IFC [14] 123 38
Mask2Former-VIS [6] 81 20
VITA W =3 2677
W =12 741




