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Motivation

= query based object detection frameworks achieve comparable performance
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Contribution

- We attempt to solve instance segmentation from a new perspective that uses

parallel dynamic mask heads in the query based end-to-end detection framework.

.. . 50 == Mask R-CNN 4 Cascade Mask R-CNN
= We set up a task-joint paradigm for qt HTC ¥ Condinst

' i SOLO V2 I
segmentation by leveraging the share ® K Querylnst

= 45 X
- We extend the Querylnst to video insf E \“n*
adding a vanilla track head. Em_ ;HH‘:”*H*
s %
-t

35 | |

Frame Per Second (FPS)




Approach

= Query based object detector

Class Bounding Box
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Approach

= During training
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Comparisons with Cascade M:
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(b) Sparse R-CNN with vanilla mask head
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Experiments

Method Backbone Aug. ‘Epochs‘AP‘”’“ AP ‘AP_»-)D AP75‘APS AP,y APL| FPS
Mask R-CNN [21] 41.3 [37.5]59.3 40.2[21.1 39.6 48.3[14.0
CondlInst w/ sem. [10] - - [38.6/60.2 41.4]20.6 41.0 51.1|14.1
SOLOV2 [51] ResNet-50-FPN | 640 ~ 800 36 |\ 4 13581500 41.7|16.5 41.7 56.2| 13.8
Querylnst (5 Stage, 100 Queries) 44.5 [39.9/62.2 43.0(22.9 41.7 51.9/13.5
Cascade Mask R-CNN [5] 44.5 [38.6(60.0 41.7|21.7 40.8 49.6|10.4
HTC [Y] - 44.9 139.7161.4 43.1|22.6 42.2 50.6| 3.1
QueryInst (100 Queries) ResNet-50-FPN | 640 ~ 800136 | ) g 140.1/62.3 43.4|23.3 421 52.0|10.5
Querylnst (300 Queries) 45.6 |40.6(63.0 44.0|23.4 42.5 52.8| 7.0
Cascade Mask R-CNN 45.7 |139.8(61.6 43.0(22.4 42.2 50.8| 8.7
HTC ResNet-101-FPN | 640 ~ 800 | 36 | 46.2 [40.7|62.7 44.2|23.1 43.4 52.7| 2.5
QueryInst (300 Queries) 47.0 |41.7|64.4 45.3|24.2 43.9 539 6.1
Cascade Mask R-CNN 46.2 140.0(61.7 43.5|22.5 42.5 51.2| 8.7
HTC 480 ~ 800 46.3 140.862.6 44.3|23.0 43.5 52.6| 2.5
Sparse R-CNN (300 Queries) ResNet-101-FPN |~y crop 36 46.3 | — | — - |- - — 169
QuerylInst (300 Queries) 48.1 |42.8/65.6 46.7(24.6 45.0 55.5| 6.1
. ResNeXt-101-FPN| 480 ~ 800
QuerylInst (300 Queries) w/ DCN w/ crop 36 |50.4|44.6/68.1 48.7|26.6 46.9 57.7| 3.1
QuerylInst (300 Queries) @ val Swin-L 402,;21%%00 50 |56.1/48.9/74.0 53.9/30.8 52.6 68.3/13.3"
QuerylInst (300 Queries) Swin-L 402,;21%%00 50 |56.1/49.1/74.2 53.8/31.5 51.8 63.2/3.3"




Experiments

Method |  Backbone | AP,,; | AP AP, |person rider car trunk bus train mcycle bicycle
Mask R-CNN [21] ResNet-50 36.4 [ 320 58.1| 348 27.0 49.1 30.1 409 30.9 24.1 18.7
BShapeNet+ [26] ResNet-50 — 1329 588 36.6 24.8 50.4 33.7 41.0 33.7 254 178
UPSNet [56] ResNet-50 37.8 133.0 59.7| 359 274 519 31.8 43.1 314 238 19.1
Condlnst [16] ResNet-50 37.5 |1 33.2 57.2| 35.1 27.7 54.5 29.5 42.3 33.8 239 18.9
CondlInst [+6] w/ sem. | DCN-101-BiFPN | 39.3 | 33.9 58.2 | 35.6 28.1 55.0 32.1 44.2 33.6 24.5 18.6
Querylnst ResNet-50 39.4 (344 596 | 40.4 30.7 56.8 29.1 40.5 30.8 26.0 21.1

Table 2: Instance segmentation results on Cityscapes val (APy,; column) and test (remain columns) split. The best results

are in bold.

Method | Backbone AP | APy APr; | ARy AR,y | FPS
MaskTrack R-CNN [57] ResNet-50 30.3 51.1 32.6 31.0 35.5 22.1
SipMask-VIS [0] ResNet-50 32.5 53.0 33.3 33.5 38.9 30.9
SipMask-VIS* ResNet-50 33.7 54.1 35.8 35.4 40.1 30.9
STEm-Seg [!] ResNet-50 30.6 50.7 33.5 31.6 37.1 4.4
STEm-Seg ResNet-101 34.6 55.8 37.9 34.4 41.6 2.1

CompFeat [16] ResNet-50 35.3 56.0 38.6 33.1 40.3 -

VisTR [53] ResNet-50 3.4 55.7 36.5 33.5 38.9 30.0
VisTR ResNet-101 35.3 57.0 36.2 34.3 40.4 27.7
Querylnst-VIS ResNet-50 34.6 55.8 36.5 35.4 42.4 32.3
QuerylInst-VIS* ResNet-50 36.2 56.7 39.7 36.1 42.9 32.3

Table 3: Comparisons with state-of-the-art video instance segmentation methods on YouTube-VIS val set. Methods with

superscript “+”" indicates using multi-scale data argumentation during training. The best results are in bold.
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Figure 4: Effects of DynConv The first row shows
mask features ™ directly extracted from FPN. The sec-
ond row shows mask features £** enhanced by queries
in DynConv™***. Last row is ground-truth instance masks.
The results show that mask features enhanced by queries
yield more genuine and accurate details and carry more in-
formation of instances.
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(a) Separate query, (b) Separate query, (c) Share query. (d) Share query,
Separate MSA. Share MSA. Separate MSA. Share MSA.

Figure 5: Ilustration of 4 different query and MSA configurations. We use (d) as the default instantiation of QuerylInst.

Shared MSA Shared Query | APP°* | Abox | Apmask | Amask
43.4 38.1

v 43.9 |+ 0.5] 38.3 [+ 0.2

v 44.1 |+ 0.7] 395 |+ 14

v v 44.5 |+ 1.1 39.8 |+ 1.7

Table 6: Impacts of using shared query and MSA.
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Figure 6: Object detection and instance segmentation qualitative results on COCO val split.




Figure 7: Object detection and instance segmentation qualitative results on Cityscapes test split.







