Video K-Net: A Simple, Strong, and Unified Baseline for Video Segmentation
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Different instance segmentation method
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Figure 3: K-Net for panoptic segmentaion. A set of learned kernels first performs convolution with the
feature map F' to predict masks My. Then the kernel update head takes the mask predictions My, learned
kernels Ko, and feature map F' as input and produce class predictions, group-aware (dynamic) kernels, and
mask predictions. The produced mask prediction, dynamic kernels, and feature map F’ are sent to the next kernel
update head. This process is performed iteratively to progressively refine the kernels and the mask predictions.
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Figure 2: Kernel Update Head.

H W
Feature assembling: X — ZZMi—l(u’v) . F(u,v), FE € RBXN*C

Kernel update: FC = gbl‘(F EY @ ¢o(K;_1), F¢ € RBXN*C ¢1 and ¢ are linear transformations

GX = o(1(F9)),GF = a(2(F)),
K = GF @ 3(F¥) + G¥ @ vu(K;_1),

where 9, n = 1, ..., 4 are different fully connected (FC) layers followed by LayerNorm (LN) and o
1s the Sigmoid function. K is then used in kernel interaction.
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Figure 1. An illustration of previous top-down based VPS method (a), bottom-up based VPS method (b) and the proposed Video K-Net
(c). Unlike previous approaches [22, 43] that perform panoptic segmentation and object tracking with independent modules, our method
unifies panoptic segmentation and instance level tracking via kernels in a simpler framework.



Frame t-1 Frame t

Figure 3. Toy experiment illustration. We use the K-Net directly
on Cityscapes video datasets. We find that several instances are
originated from the same kernel predictions (Red, Yellow boxes,

and Kernel-3). This observation motivates us to use K-

Frame t+ 1
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Net directly on video. Best view it in color.

Table 1. Toy Experiment results on KITTI-STEP and Cityscape-
VPS set with ST'(QQ and V P() metrics. Unitrack [56] uses ResNet-

50 as the appearance model.

KITTI-STEP Backbone STQ AQ SQ -
K-Net ResNet50 67.5 65.5 68.9 -
K-Net + Unitrack [56] ResNet50 65.1 64.3 68.9 -
Cityscapes-VPS Backbone - - - VPQ
K-Net ResNet50 - - - 54.3
K-Net + Unitrack [56] ResNet50 - - - 532
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Figure 4. An illustration of our proposed Video K-Net. Our method is based on K-Net [70](in blue dashed box), which is the top-left
part of the figure. Video K-Net adds Kernel Fusion at the start phase of the last stage. The Kernel Linking is performed on the output of
dynamic kernels. The Embedding Head is appended at the output of kernel linking and takes kernel outputs from both sampled frames.
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Learning to Link Kernels
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Learning to Fuse Kernels
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Inference

Bidirectional softmax:

Experiment

KITTI-STEP validation and test set

KITTI-STEP Backbone OF || STQ AQ SQ VPQ
P + IoU Assoc. ResNet50 058 047 0.71 044
P + SORT ResNet50 0.59 050 0.71 042
P + Mask Propagation = ResNet50 v 0.67 063 071 044
Motion-Deeplab [55] ResNet50 0.58 0.51 0.67 040
VPSNet [22] ResNet50 Vv 0.56 0.52 061 043
Video K-Net ResNet50 0.71 0.70 0.71 046
Video K-Net Swin-base 0.74 072 0.73 0.53
Motion-Deeplab [58] ResNet50 0.52 046 0.60 -

Video K-Net ResNet50 0.59 050 0.62 -

Video K-Net Swin-base 0.63 0.60 0.65 -




Experiment

Cityscapes-VPS validation set

Method Backbone k=0 ‘ k=5 k=10 k=15 Average
VPSNet [22] ResNet50 65.059.0 |69.4 | 57.6|45.1|66.7 | 54.4/39.2|65.6 | 52.8|35.8|65.3 | 57.5|44.8|66.7
SiamTrack [60] ResNetS0 64.6 | 58.3 | 69.1 | 57.6 | 45.6|66.6 | 54.2[39.2|65.2 | 52.7|36.7|64.6 | 57.3|44.7|55.0
ViP-Deeplab [43] WideResNet41 [68] 68.2 | N/A |N/A | 61.3 | N/A|N/A | 582 |N/A|N/A | 56.2|N/A |N/A | 60.9 | N/A | N/A
ViP-Deeplab [43] | WideResNet41 [68]+RFP [42] + AutoAug [13] | 69.2 | N/A |[N/A | 62.3 | N/A |N/A | 592 |N/A|N/A | 57.0 | N/A|N/A | 61.9 | N/A | N/A
Video K-Net ResNet50 65.6 574|715 | 57.7|43.4|68.2 | 54.2|36.5|67.1 | 52.3|33.1|66.3 | 57.8|45.0|66.9
Video K-Net Swin-base [31] 69.2|63.6 733 | 62.0|51.1|70.0 | 58.4|44.7]|68.3 | 55.8|39.8|67.5 | 61.2]|49.6|69.5
Video K-Net Swin-base + RFP [42] 70.8 | 63.2|76.3 | 63.1]49.3|73.2 | 59.5|43.4|72.0 | 56.8|37.0|71.1 | 62.2|49.8|71.8
VSPW validation set

VPSW Backbone mloU mVCs mVCig

DeepLabv3+ [§] ResNet101  35.7 83.5 78.4

PSPNet+ [72] ResNetl01  36.5 84.4 79.8

TCB(PSPNet) [34] ResNetl01  37.5 86.9 82.1

Video K-Net (Deeplabv3+) ResNetlO1  37.9 87.0 82.1

Video K-Net (PSPNet) ResNet101  38.0 87.2 82.3




Experiment

YTVIS-2019 validation set

Method | backbone | AP | AP5y AP75 AR: ARy
FEELVOS [50] | ResNet50 | 26.9 | 42.0 29.7 299 334
MaskTrack R-CNN [65] | ResNet50 | 30.3 | 51.1 326 310 3HH
MaskProp [3] | ResNet-50 | 40.0 - 42.9 - -
MaskProp [3] | ResNetlO1 | 42.5 - 45.6 - -
STEm-Seg [1] | ResNet50 | 30.6 | 50.7 335 3L6 ‘311
STEm-Seg [1] | ResNetlO1 | 34.6 | 55.8 379 344 41.6
CompFeat [15] | ResNet50 | 353 | 56.0 38.6 331 403
VisTR [55] | ResNet50 | 344 | 55.7 g8y S5y 389
VisTR [55] | ResNetl01 | 35.3 | 57.0 36.2 343 404
Video K-Net | ResNet50 | 40.5 | 63.5 44.5 40.7 499
Video K-Net | Swin-base | 514 | 77.2 56.1 490 584




Ablation study

(a) Ablation Study on Each Components.

(b) Needs of Appearance Embeddings

(c) Effect of sampling in association.

baseline KAE KL KF STQ AQ SQ Method AQ STQ Method STQ AQ SQ
K-Net 67.5 655 689 Rol-Align [37] 68.8  69.1 K-Net 67.5 655 68.9
v 693  69.0 698 Mask-Emb [60] 67.3  68.1 GT-based (ours)  69.3  69.0 69.8
v v 702 712 69.7 Ours 70.8  70.9 sampling in [37]  63.1  62.1 64.3

v v v 709 708  71.2 Ours + Mask-Emb [60]  70.3  70.8

(d) Ablation Study on Linking and Fus-
ing Stage.

Stage STQ AQ SQ

3 709 708 71.2
2 68.5 682 693
1 669 634 673

(e) Ablation Study on Training Settings

Settings STQ AQ SQ
joint training 709 70.8 71.2
only train the key frame  70.1  70.1  69.8

(f) Ablation Study on Kernel Fusing

Settings STQ AQ SQ

K-Net 67.5 655 689
w Update 70.9 70.8 71.2
w/o Update  67.1 66.2 68.3
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