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Understanding Video

1, Video data are increasing today!

2, Understanding the video contents and mining the instance-wised
information are the core computer vision tasks.
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Understanding Video
3, Compare to 1image understanding task, video tasks have more problems,
including motion/occlusion/video consistency.

4, Rather action recognition, We focus on pixel-level video scene
understanding tasks, including segmentation, detection and tracking.
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Understanding Video

imagenet VID dataset
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M40 B #:48M Video Object Detection:
1. detect each object in the video.

2. explore temporal detection consistency
without considering their ID.
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The Cityscapes Dataset

Semantic, instance—wise, dense pixel annotations of 30 classes

Dataset Overview

Cityscape dataset

VSPW dataset

MIRIE X 5> E] Video Semantic Segmentation:

1. classifies each pixel in an 1image into a certain class along the video.

2. explore the temporal segmentation consistency.
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Video frames

Video instance annotations

Video instance predictions

Youtube-VIS
MRS 45143 2] Video Instance Segmentation:

1. segment and track foreground object in pixel level.
2. explore the temporal consistency and instance ID consistency.

3. more complex than image instance segmentation because it needs to handle object motion,
changes in appearance, occlusions, and the temporal consistency of labels across frames.
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Understanding Video
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R FCl RCNI PanopticFPN, CVPR201
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VP SN t Figure 1. Examples of our large-scale Vldeo Panoptic Segmentation in the Wild (VIPSeg) dataset.
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£ 52| Video Panoptic Segmentation VIP-Seg

1. identify and classify every pixel in every frame of a video sequence and maintain the identities of
instances (individual objects) across the different frames.

2. 1s a complex task due to the need to handle motion, changes in appearance, occlusions, and maintaining
temporal consistency of labels across frames.
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Understanding Video
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Semantic Segmentation -> Instance
Segmentation -> Panoptic Segmentation.

SS -> IS -> PS

Video Segmentation -> Video Instance
Segmentation -> Video Panoptic Segmentation

VSS -> VIS -> VPS

(a) Image Segmentation (b) Video Segmentation

1. Transformer-Based Visual Segmentation: A Survey, arxiv, 2023.
2. Largescale video panoptic segmentation in the wild: A benchmark, CVPR-2022.
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Four Research Works

1, TransVOD: End-to-End Video Object Detection with Spatial-Temporal Transformers.
(Video Object Detection), TPAMI-2022

2, PolyphonicFormer : Unified Query Learning for Depth-aware Video Panoptic Segmentation,
ECCV-2022

3, Video K-Net: A Simple, Strong, and Unified Baseline for Video Segmentation (Video Panoptic
Segmentation, online), CVPR-2022

4, Tube-Link: A Flexible Cross Tube Baseline for Universal Video Segmentation

(Universal Video Segmentation, semi-online), ICCV-2023
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TransVOD:End-to-End Video Object Detection with
Spatial-Temporal Transformers

Qianyu Zhou!™, Xiangtai LiZ*(prejectleader) T y; Hel* Yibo Yang?, Guangliang Cheng?,
Yunhai Tong?, Shouhong Ding!, Lizhuang Ma!, Dacheng Tao

1. Shanghai Jiao Tong University, China; 2. Peking University, China;
3. Sensetime Research, China 4. JD Explore Academy, China;
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Previous VOD Methods

pre-fixed key frame duration

0 R R

(c1) recursively aggregate feature
for key frames

-~
aggregated feature maps . detection result
$ L

aggregation

(a) Sparse Feature Propagation

feature

warping @

feature

warping

all frames are key frames

(c2) partially update feature
m for non-key frames

(b) Dense Feature Aggregation

flow field

(c3) temporally-adaptive
key frame scheduling

filter #1380

— flow-guided key frame non-key frame
feature warping with partial update

ép feature aggregation g non-key frame

FGFA (ICCV-2017) High Performance VOD (CVPR-2018)




Previous VOD Methods

(a) video object detection with full connection.

(b) the aggregation size of local aggregation methods.

(c) the aggregation size of global aggregation methods.

base model

MEGA

(d) the aggregation size of our proposed methods.

MEGA (CVPR-2020)
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(a) base model

ALY classification
| =.|
‘ o . . regression
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key frame

ordered

. "~ video frames

shuffled

. ” video frames
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(b) MEGA

MEGA (CVPR-2020)
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regression

key frame

ordered
” video frames
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Motivation
TransVOD, TransVOD++, TransVOD Lite (TPAMI-2023)

(a). TransVOD (b). TransVOD ++ (¢). TransVOD Lite
Result
&
Temporal Transformer
Result Result Result Result Result Result
4 1 = t 1 4 4
Temporal Transformer Hard Query Mining Temporal Transformer
T | f f f f f §
1 - 5 ? ? 1 ? ? Sequential Hard Query Mining
| | | ' ' | Query and Rol Fusion t t Tt 1 i t 1 t
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Video Clip
“ Reference Frame Current Frame [ ST . Spatial Transformer Q Object Query e Feature Memory 4w  Share Weight

Motivation and Goals:
1, Current solutions for VOD contains multiple components, including sequential NMS and
multiple frame fusing.

2, Extending simple DTER-like detectors to the video domain 1s necessary.




Motivation

(a). TransVOD

TransVOD, TransVOD++, TransVOD Lite (TPAMI-2023)

(b). TransVOD ++

Result
t
Temporal Transformer I
Re;u]t +
Temporal Transformer Hard Query MEiooE
i 1 1 1 1 T
_ ¥ t t ¥ ¥
Query and Rol Fusion
l I l iR T T 1o $a $ab
suua»l ST »a—@»!- ST Jml ST : ST M—ST = ST Im| ST Jml ST

o

“ Reference Frame

Current Frame

I_ ST | Spatial Transformer

t

\ 4

Object Query

3, Streamline the pipeline of VOD based on spatial-temporal Transformers.

4, View VOD as a sequence-to-sequence task with Transformers.

v
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(¢). TransVOD Lite
Result Result Result Result Result
t t t t ¢
Temporal Transformer |
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Sequential Hard Query Mining
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Reference Frame i TQE
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TransVOD:
1, Temporal Query Enocder: Encode temporal object information in the encoder.
2, Temporal Deformable Transformer Encoder: Encode feature level information in the encoder.

3, Temporal Deformable Transformer Decoder: Fuse the multiple object in the decoder.




Method

Reference Frame
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TransVOD++:
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Top &, < ? < Hard Query Mining (HQM)
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1, Query and Rol Fusion. Fuse object-level information into object query

2, Hard Query Mining: Mining the hardest query via auxiliary loss in each TDTD.
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Video object detection (VOD) results on ImageNet VID

TransVOD Lite:

1, Direct Multiple Frame Prediction: take multiple frames as inputs and obtain multiple frame
results simultaneously in a temporal window.

2, Sequential Hard Query Mining: to mine the hardest query for a video clip.




Experiment Results

1, Considerable performance using ResNet50.

2, The first method achieves over 90% mAP on ImageNet-VID dataset.

Methods Base Detector | mAP (%)

Single Frame Baseline [1] Faster-RCNN 71.8
DFF [19] Faster-RCNN 704

FGFA [20] Faster-RCNN 74.0

RDN [27] Faster-RCNN 76.7

MEGA [16] Faster-RCNN 77.3

Single Frame Baseline' [1] Faster-RCNNT 72.7
DFF' [19] Faster-RCNNT 71.6

FGFAT [20] Faster-RCNNT 75.1

RDNT [27] Faster-RCNNT 77.6
MEGAT [16] Faster-RCNNT 783
Single Frame Baseline [34] | Deformable DETR 76.0
TransVOD Deformable DETR 799
TransVOD++ Deformable DETR 80.5

9% Saiimen | S-LAB
Single Frame Baseline [1] Faster RCNN 76.7
ST-Lattice [22] Faster RCNN 79.0
BFAN [70] Faster RCNN 79.1
STCA [T1] Faster RCNN 80.3
SELSA [49] Faster RCNN 80.3
MINet [72] Faster RCNN 80.6
LRTR [35] Faster RCNN 81.0
RDN [34] Faster RCNN 81.8
TROI [73] Faster RCNN 82.0
MEGA [23] Faster RCNN 82.9
HVRNet [15] Faster RCNN 83.2
TF-Blender [74] Faster RCNN 83.8
DSFNet [20] Faster RCNN 84.1
MAMBA [24] Faster RCNN 84.6
EBFA [19] Faster RCNN 84.8
CFA-Net [75] Faster RCNN 85.0
Single Frame Baseline [76] CenterNet 73.6
CHP [77] CenterNet 76.7
Single Frame Baseline [11] | Deformable DETR 78.3
TransVOD Lite Deformable DETR 80.5
TransVOD++ Deformable DETR 82.0

Trans VOD++"

Deformable DETR




Baseline Ours Baseline Ours Baseline

Ours

Experiment Results

1, Perform well on the cases with motion blur, occlusion.

\_/
NANYANG

m TecunoLosica, | S-LAB "Q“
ﬁ E, UNIVERSITY FOR ADVANCED g

SINGAPORE INTELLIGEMCE VLS &=

2, Fast inference on GPU. Detect the missing objects in the video.

(a) TransVOD

Baseline Ours Baseline Ours Baseline

Ours

ar..0.80,
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What are the Nexts?

1, Boxes are coarse representations of objects.
2, Missing background context.

3, ImageNet VID datasets are less challenging with introduce of vision transformer.

Next, we focus on video segmentation and tracking tasks are more challenging.




VSPW: A Large-scale Dataset for Video Scene Parsing in the Wild CVPR-2021
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(b) (c)

TCBNet:

1. Focus on spatial-Temporal global context modeling.

2. Design two different temporal fusion methods: Spatial-temporal OCR and Spatial-temporal PPM from two

different image segmentation baseline, OCR-Net and PSPNet.
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Ground Truth
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Video Consistency Metric
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Coarse-to-Fine Feature Mining for Video Semantic Segmentation, CVPR-2022 "

Coarse-to-Fine Feature Assembling (©) Concatenation
M Pooling Window
E’ Receptive Field:20 » 20 | [0 Receptive Field
0—---’ A x —_—
2 PoolinaKemetzt <4 Cross-frame Feature Mining
L] . .
= =
—_ :1 H
3 _ \ff/f' - Flg=
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Figure 1. lllustration of static contexts (in blue) and motional con- = B %;A 37 > ©—F,
texts (in red) across neighbouring video frames. The human and — 3 o
horse are moving objects, while the grassland and sky are static _ 0 o
background. Note that the static stuff is helpful for the recognition 4 _ e 0
. . . T a i = = ' 5 U e
of moving objects, i.e., a human is riding a horse on the grassland. Bl—» [ 1 , . ritn ] |MUlt-head ) oo o | [Multihead| |
= T Window partition E Lo : | Nnn-self s —Pp g N@Jﬂ‘ﬁ:ﬁf: -
= Window size 5 5 Adten, H . :
= x N = I

CFFM:
1. Coarse-to-Fine Feature Assembling: assemble local frame features via different kernels.

2. Cross-Frame Feature Mining: fuse the cross frame features via multi-head non-self attention.
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Object Instances in Video with Mask Propagation nTeLGE v se
Gedas Bertasius, Lorenzo Torresani
Facebook Al
feature tensors for each frame temporally propagated instance features clip-level 1) Instance Feature Computation (time t) Propagated Instance Segmentation (time t+4)
in a video clip R . instance track -
 pr—— . - y I ( Instance i Instance j A Instance ¢ Instance 7
) : lnstance feature computation at time t " g 5 : E
;. | ceesesesssssesssessesssessssssseeses : time t-10 : . - :
1 timet-10 o : ¢ timet-10
: ' feature tensor Vo ' : :
(= 1§ i -1, ] 3
: Pl P timet : : : Attenti -
Potmets i , . : otimet5 X
: P time t . i E : X
: — gl : propagated instance ; '
: 1 frame-level —’Ei : E T |__segmentation _bi : ® —~
i timet ! i instance mask P timet oo timet \_ ~
' ' N i 1 wi
N : : : (-
! P : I Se» : : : — Offsets
Potimet+s N time t KA ! i timet+5 ! - Y
: e i fime t+5 : : : Tensor t @ Residual ] I@ @
S Block S

| time t+10_ : ime o L time t+10 —

Tensor t+d 2) Instance Feature Propagation (from time t to time t+4)

Mask Propagation:
1, use DCN + instance-wised attention to fuse instance-wised feature in each frame.

2, Design the High Resolution Refinement to generate fine-grained masks in each frame.
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End-to-End Video Instance Segmentation with Transformers, CVPR-2021

backbone encoder " decoder 1! instance sequence matching
no object : i E E [ '
sequence Ufm“_“lple i " sequence of instance predictions ! | %_4} [.X_Aré !
image features " " ' i e - H
" " . instance 4 1 | GT1i seq e GTjseq
e bipartite matching  *+_,<”
— O B sequence of encoded features 25
o ‘ &
0 (] [ e [ R ,1 T
- FREFEFERE T )i I ;
1 O '
o "
transformer | © SO - B SSSN—— 0000 Y . " . iR (| 0]@) o0 |
encoder-decoder 8 R sieislsisteilsists e transformer encoder o transformer decoder FTzzszzzaizzzizzozziiiziiziiiiiiiiiicy
I N : " E : . iusrancei
<> EYERIREN! i : : £ self-attention mask
- m 1 i 1 T e
.. o 4 :
sequence sequence of multiple sequence of object ﬁ_ sequence of image features ' ' mme 1 hﬂme 2 ﬁﬂme 3 E : B |
of images image features predictions H " sequence of instance queries . : instance sequence segmentation ;

positional encoding

_________________________________________________________________________________________________________________________________________

1. First transformer-based video instance segmentation.
2. Treat each instance as tracked query. No extra tracking process is needed.

3. Use 3D conv and DCN for post-process each tube instance masks.




Vita: Video instance segmentation via object token association, NeurIPS-2022
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Figure 2: VITA takes only mask features and frame queries that are independently decoded by
the frame-level detector for entire video sequence. By directly constructing temporal interactions
between frame queries that encapsulate rich object-aware knowledge in spatial scenes, VITA yields
mask trajectories with corresponding categories in an end-to-end manner.

1, An extra offline fusion method to fuse image segmenter results in each frame.

2, Introduce the video to associate and fuse object tokens from each frame.

3, VITA plays as post-process for VIS.
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UPSNet + masktrack rcnn head
+ Balanced FPN

mxn obj Track

t-1 match learning -
m gt-roi feats—» I\Z":; N % e;
T BBox| A2 Fuse at Pixel Level
| <|: head box
Fuse n roi feats e
- ﬁ > Extra Neck:
y Align and Atten across the balanced feature pyramid
(= Spatial- ﬁ - Panoptic
temporal Q_’ Semantic ) map
head .
Atiend | ||(1[ - 1, Align: Flownet2 to warp feature
| and refine via deep feature flow (inner lite flow net)
Figure 3: Overall architecture of our VPSNet.
2, Atten:
spatial-temporal attention to reweight the features
Track at Object Level (high computation cost)
Training:

Difference: ROI features are enhanced via temporal fusion module.

Inference:
additional cue from the panoptic head: the loU of things logits.
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CVPR-2022 (oral)

Video K-Net: A Simple, Strong, and Unified Baseline for Video Segmentation

IPeking University, °S-Lab, Nanyang Technological University, The Chinese University of Hong Kong,

‘SenseTime Research, Shanghai AI Laboratory
segofed NANYANG =i
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Fig.1 Current Solution For Video Panoptic Segmentation (VPS)

The problems of current Video Panoptic Segmentation (VPS):
1. Complex and hand-crafted Pipeline for VPS.
2. Need the post process or offline tracking.
3. Need optical flow learning and warping.

4. Tackle the segmentation and tracking with specific task head.

Is there any simpler solution for VPS?
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Fig.2 Current Video Segmentation Tasks. (Fig from A Survey on Deep Learning Technique for Video Segmentation)

The problems of other Video Segmentation Tasks:

1. Different Tasks have different solutions including specific design. Such as Optical Flow Warping or
Clip-Level Transformer.

2. Video Semantic Segmentation (VSS): no instance tracking.

3. Video Instance Segmentation (VIS): no background context.

Is there one general model to solve all video segmentation tasks including VPS, VIS a
VSS?
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MaskFormer and K-Net Unifie egmentatlon ramcwork.
transformer module classification loss segmentation module
? Q l """"" FTTTTmTTTmmee ek
transformer MLP N class predictions semantic segmentation !
--------------------------------- e ToT s L= inference onl i
| backbone :: encoder | { prediction heads decoder YN 4 .
! H
: set of image featuresﬂ :i — ‘ Ni a a N mask embeddings semantic H
: i box_ — m 8 o8 bi Kkl segmentation :
' N ixel-level module ML O EH S| :
| :: no P Emask |CeXN i
—___UX transformer N transformer object ﬂ ~ _ KxXHXW |
T encoder :: decoder class, backbone R pixel _|N mask predictions i
! :: box UCEXHXW B 8 0 @ G
i TIr 1 f 1 ‘ |{'I I'EI ‘ NxHXW
1 no
i oooaona---0 1 _ _ object image features F per-pixel embeddings
L _positional encoding____________________1l_____ B vt
Encoded image Resnet features
(d x H/32 x W/32) Res5 Resd Res3  Res2
o R
£ AL 2
E = B[R] ® [} ==
5 EEEREH: e
[0} i o - + «Q
Ry = el lell|[g 3
) - 2 S1E] B 8 Semantic Instance Semantic
I&p::r:av%)e .—' —i—‘ & Kemels Kemels &
— — ——— — — Instance
Box embeddings Attention maps FPN-style CNN Masks logits Kn:m]:L
dxN) (Nx M x H/32 x W/32) (N x H/4 x W/4)
(a) FCN for Semantic Segmentation Framework (b) K-Net for Instance Segmentation () K-Net for Panoptic Segmentation

DETR (ECCV-2020)
Why K-Net?

1. More Computation efficiency.
2. Faster Convergence.
3. Stronger Results.
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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 Mo. Then the kernel update head takes the mask predictions Mo, learned 3’ Propose '['_he kernel update head 10 dyﬂamica”y

kernels Ky, 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 u pdate Iea n ed keme|.
update head. This process is performed iteratively to progressively refine the kernels and the mask predictions.
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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 M. Then the kernel update head takes the mask predictions Mo, learned
kernels Ky, 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 [ are sent to the next kernel
update head. This process is performed iteratively to progressively refine the kernels and the mask predictions.

Kernel Update Head as Cross Attention:

=

i

% Ki—1—¥

FK

Adaptive
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Class Predictions

Kernel Update
Head (f;)

® Convolution —» Conv ——> FC —> Identity ® Multiplication
Figure 2: Kernel Update Head.

Each kernel (query) is updated via combing corresponding instance/stuff

masked features and dynamic convolution.
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: = Kernel-4

Kernel-2

'II.
i Kermel-6

!Il.
s = Kernel-10

Frame t Frame t + 1

Table 1. Toy Experiment results on KITTI-STEP and Cityscape-
VPS set with ST'Q) and V P metrics. Unitrack [57] uses ResNet-
50 as the appearance model.

We first perform toy experiment where we find the origin K-Net

KITTLSTEP Backbone STQ _AQ _SQ - itself can achieve good tracking results and even better than
K-Net ResNet50 67.5 655 689 - )

K-Net + Unitrack [57] ResNet50 65.1 643 689 - SpeCIﬁC Tracker.

Cityscapes-VPS Backbone - - - VPQ

K-Net ResNet50 - - - 54.3

K-Net + Unitrack [57] ResNet50 - - - 53.2
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Conclusion and take away message:

1, Simple Kernel-based Segmenter itself is good mask tracker.

2, How to improve such tracking ability?

Frame t-1 Frame t Frame t+ 1 Framet+2

1. Temporal feat 1on.
Figure 3. Toy experiment illustration. We use the K-Net directly cmpo cature fusion

on Cityscapes video datasets. We find that several instances are

originated from the same Kkernel predictions (Red, Yellow boxes, 2. More consistent instance association.
and Kernel-3). This observation motivates us to use K-

Net directly on video. Best view it in color.

3. Directly link the kernel.

Each kernel corresponds to one thing mask.
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=

Figure 4. An illustration of our proposed Video K-Net. Our method is based on K-Net [/1](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.

i > i Learning the Kernel Association Embedding

. : . exp(v - k")
We propose to learn the kernel association embedding on thing kernels.  Luack = — %: log p(v-ET) + 3 exp(v K}’

v kernels in key frame are matched with k kernels (K* positative,
K™ negative) in reference frames via a temporal contrastive loss
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Figure 4. An illustration of our proposed Video K-Net. Our method i1s based on K-Net [/1](in blue dashed box), which is the top-left
o

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.

> Learning to Link Kernels.

We force to link the kernels along tracking heads for thing
kernel via MSHA to learn the correspondence within thing kernels.

1 |
R

[pe—p——

We propose to fuse the kernel at the last stage of K-Net via

Learning to Fuse Kernels.

kernel update to improve temporal segmentation consistency.

> Generation to VSS and VIS
For VSS: We remove the tracking branch.

For VIS: We remove online tracking and use
mean kernels to represent each object in on
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Table 6. Ablation studies and comparison analysis on KITTI-STEP validation set. All the experiments use ResNet-50 as backbone.

(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 [36] 68.8  69.1 K-Net 67.5 65.5 689
v 69.3 690 698 Mask-Emb [59] 673  68.1 GT-based (ours) 69.3 69.0 69.8
v v 702 712 69.7 Ours 70.8 709 sampling in [36]  63.1  62.1 643
v v v 709 708 712 Ours + Mask-Emb [59]  70.3  70.8

(d) Ablation Study on Linking and Fusing

Stage. (e) Ablation Study on Training Settings (f) Ablation Study on Kernel Fusing
Stage STQ AQ SQ Settings STQ AQ SQ Settings STQ AQ SQ
3 709 708 71.2 joint training 709 708 71.2 K-Net 67.5 655 689
2 685 682 693 only train the key frame  70.1 70.1  69.8 w Update 709 708 71.2
1 669 634 673 w/o Update  67.1 66.2 683

We perform ablation studies on KITTI-STEP validation set.
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Table 3. Results on Cityscapes-VPS validation set. & is temporal window size in [22]. All the methods use the single scale inference
without other augmentations in the test stage. In each cell, we report V PQ, V PQ¢hing and V PQs¢wsy in order. There is about 0.5%
noise on this dataset where we report the average results (three times).

Method ‘ Backbone | k=0 | k=35 | k=10 | k=15 | Average

VPSNet |22 ResNet50 65.0 [ 59.0 | 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 [39] ResNet50 64.658.369.1 | 57.6|45.6|66.6 | 54.239.2|65.2 | 52.7|36.7| 64.6 | 57.3|44.7]55.0
ViP-Deeplab [47] WideResNeld1 [67] 68.2 | N/A | N/A | 613 | N/A | N/A | 58.2 | N/A |N/A | 56.2 | N/A [N/A | 60.9 | N/A | N/A
ViP-Deeplab [42] | WideResNetd1 [67]+RFP [41] + AutoAug [13] | 69.2 | N/A [N/A | 62.3 |N/A |N/A | 502 | N/A |N/A | 57.0 | N/A | N/A | 61.9 | N/A | N/A
Video K-Net ResNet50 65.6 [ 57.4 715 | 57.7|43.4 | 68.2 | 542|365 |67.1 | 523 |33.1|66.3 | 57.8|45.0| 66.9
Video K-Nel Swin-base [30] 69.2]63.673.3 | 62.0]51.1]70.0 | 58.4|44.7 683 | 55.8|30.8 | 67.5 | 61.2|49.6 | 69.5
Video K-Net Swin-base + RFP [41] 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

New state-of-the art results on VPS datasets. Table.2 and Table.3
Table 2. Experiment results on KITTI set with both S7'C) and
V' P metric. OF refers to an optical flow network [47]. The re-

sults on validation set are shown in the several top rows, and results Best performance and GFlOpS Trade-()ff
on test set are in the bottom rows. P means Panoptic Deeplab [10]. Vlsual Improvements over K_Net basellne

Following [57], we keep two decimal numbers. V' PQ) is obtained .

via average results of window size k where k = 1,2,3,4 [57]. on KITTI'STEP (a) al’ld Cltyscapes VPS (b)
Top: validation set. Bottom: test set. We find 0.5% noise on this

dataset where we report the average results(three times).

F 3 STQ ¥ 3 VPQ
KITTI-STEP Backbone OF || STQ AQ SQ VPQ
P + loU Assoc. ResNet50 0.58 047 071 044 70 .Video K-Net 65 Video K-Net (swin-base)
P+ SORT ResNet30 059 050 071 042 . ]
P + Mask Propagation  ResNet50 v || 0.67 0.63 071 044 65 Video K-Net (£50) ViP-Deeplab
Motion-Deeplab [57]  ResNets0 058 051 0.67 040 Motion-Deenlab 60
VPSNet [22] ResNet50 v || 0.56 0.52 0.61 043 60 P VPSNet . .vpsmt (£50)
Video K-Net ResNet50 071 070 071 046 . 55
Video K-Net Swin-base 073 072 073 0353 55
Video K-Net Swin-large 0.74 073 075
Motion-Deeplab [57] ResNet50 0.52 046 0.60 - 50 > 50 > . I i
Video K-Net ResNet50 0359 050 062 - 60 80 100 120 140 GFlops 300 400 500 1000 2000 4000 GFlops T :
Video K-Net Swin-base 0.63 060 0.65 - !

(a) results on KITTT-STEP (b) results on Cityscapes-VPS Our Video K-Net
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Short term segmentation and tracking results on Cityscapes VPS dataset.
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Considerable results on VSS and VIS datasets. (Table-4 on VSPW and Table-5 on YouTube-VIS)

Table 4. Results on VSPW validation set. mV (. means that a

clip with ¢ frames is used. All methods use the same setting for Visual Results of Video K-Net on Youtube-VIS-2019 validation set.
fair comparison. Top: input images. Bottom: Predicted Mask.

— - - The same color represents the same instance

VPSW Backbone mloU mVCs mVCig

DeepLabv3+ [£] ResNetl01 35.7 83.5 78.4

PSPNet+ [71] ResNetlOl 365 844 7938

TCB(PSPNet) [33] ResNetlOl 375  86.9 82.1

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

Video K-Net (PSPNet) ResNetl0l  38.0  87.2 82.3 4 - 2 ':!!“ |||
— A ) | AT

il

Table 5. Video instance segmentation AP (%) on the YouTube-
VIS-2019 [66] validation dataset. The compared methods are
listed by publication date.

Method | backbone | AP | AP5; AP.; ARy ARy

ResNet101 | 34.6 | 55.8 379 344  4l6
CompFeat [ ResNet50 | 353 | 56.0 38.6 331 40.3
VisTR [ ResNet50 | 34.4 | 557 36.5 335 389
VisTR [56] | ResNetl01 | 35.3 | 57.0 36.2 343 404
Video K-Net | ResNet50 | 40.5 | 63.5 445 407 499
Video K-Net | Swin-base | 51.4 | 77.2 56.1 49.0 584

STEm-Seg

FEELVOS [51] | ResNet50 | 26.9 | 42.0 297 299 334
MaskTrack R-CNN [66] | ResNet50 | 30.3 | 51.1 326 310 35.5
MaskProp [3] | ResNet-50 | 40.0 - 429 - -
MaskProp [3] | ResNetl01 | 42.5 - 45.6 - -
STEm-Seg [1] | ResNet50 | 30.6 | 50.7 335 316 37.1
[1]
I
I
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Image-based Matching Loss @ NuObjec(l @ No Object
Wk '}
B
, Image Transformer Image | | Transformer | 20
' i Horae(0 3661 Encoder || Decoder e (RE=== =
@) Queries  Qutputt Groundtruth t Input ¢t = Output t
O : Image-based Matching Loss @ No Object é @ No Object
1 Y v g e o
frans- —'8 ---------- Image | Transformer moge | [arstomer| &
— forl;ler o [ | | | Encoder Decoder | | Encoder || Decoder | i
b E — [ ! > s . e = e o g e = . > =
Key Frame sha':'ed O0000 Contrastive | | ' ‘Inpu’t’ t+1 Queriesttpﬁit +1 (ﬁndﬁuch t+1 Inputt + 1 QUETiESEtp;Jtt +1
| Object Queries @) Head [ X (a) Independent Image Instance Segmentation Training (b) Query Matching for VIS Inference
O ! !
Back- — Trans- ., O 1 D r _O";_,u : i
H v . . . . . .
_. bone |~ | former 8 Tol'w""'” 5| Okl ! : Figure 1: (a) MinVIS trains a query-based image instance segmentation model (Image Encoder +
- & VAR ! Transformer Decoder) using each frame independently. (b) During inference, the trained image
eference Frame .Q. A ....... ’

instance segmentation model is used for video instance segmentation by bipartite matching of query
embeddings across frames. MinVIS does not require further manually designed heuristics for tracking.

IDOL: In Defense of Online Models for Video MinVIS: A Minimal Video Instance Segmentation
Instance Segmentation, ECCV-2022 Framework without Video-based Training, Neur[PS-2022
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What are the Nexts?

1, Missing multiple frame information.

2, Segmentation quality 1s still not good enough.

Motivated by recent near-online approach, we propose Tube-Link.
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Background
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-Video Segmentation: Video Semantic Segmentation (VSS), Video Instance Segmentation (VIS), Video
Panoptic Segmentation (VPS)

-However, most approaches solve these tasks using specific architectures.
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Method ‘ VSS VIS VPSS | Online  Nearly Online | Joint Mulitple Frames | Frame Matching  Tube Matching  Mask Matching  No Association (or Average Queries)
CFFM [20] v v v v
MRCFA [21] v v v v
Cross-VIS [29] v v v
IDOL [26] v v v
SeqFormer [25] v v v v
EfficientVIS [27] v v v v
VITA [10] v v v v
Min-VIS [11] v v v
Gen-VIS [Y] v v v v v
| S]'Oups ['u n | n ] n ‘/_ n | | ] | “(; | | ] | n ‘ n | | n | | ] | n | n ] n | n | | ] | n | l‘/ | n | n 1
“  TubeFormer [ | ] v v v v v v
l Y]dﬂK_yew _l-]l _U/ | ] _/ n L [~ _\'/ n | n | | ] | n | n ] n | n J_ | ] ] n | | ] ] n | n ] n | n | | ] | n | n _.
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Motivation

Questions:
- Recently, A more challenging VPS dataset VIP-Seg 1s introduced, which brings more challenges.
- The performance i1ssue of Universal Video Segmentation

- Eg: Both Video K-Net and TubeFormer cannot achieve better results on VIS datasets.
- VIS methods cannot generalize to VPS and VSS.

- There should be a trade-off on online and nearly online approaches to support more diverse video inputs.

Is there any architecture or meta-architecture to solve these problems?
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Motivation

Our Contributions
- In this work, we introduce a nearly-online approach, named Tube-Link.
- The key insight to explore the cross tube association rather than cross frame.

- Based on Mask2Former-VIS, our framework is flexible and support three different video
segmentation tasks
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Video Clip
Sub-Cip I; Sub-Cip I; Sub-Cip
Ours
48 9
Global Queries - D Tube Association Global Queries . D Tube Association Global Queries

Previous SOTA architectures

————— Tube Mask I; Tube Mask I; Tube Mask —————]

Our Contributions
- In this work, we introduce a nearly-online approaches named Tube-Link.

- The key insight to explore the cross tube association rather than cross frame.
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47.9 Ours
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[VIS] “Youtube-2019 [VIS]-Youtube-2021  [VPS]-VIP-Seg

[ ] vita [ ] vVideoK-Net

- Based on Mask2Former-VIS, our framework is flexible and support three different video segmentation tasks

Ours
59.0 D

[VSS]-VIP-Seg

[ ] moL
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Universal Video Segmentation Formation:
From definition of VPS task,

We formulate universal video segmentation as
linking short tracked tube.

What we done:
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Table 1: Exploration experiment on tube-wise matching.
Youtube-VIS: mAP. VIP-Seg: VPQ. We directly use pre-trained
models by changing the input to two consecutive frames.

Method Youtube-VIS-2019  Youtub-VIS-2021 VIP-Seg

MiniVIS [15] 474 442
MiniVIS + tube matching 48.8 (+1.4) 45.5 (+1.3) -
Video K-Net [21] - . 26.1
Video K-Net + tube matching - - 27.6 (+1.5)

-Use Tube-wised matching to replace the Frame-wised matching.

What we find:

-We find that using cross tube matching achieves better results even without re-training.

Motivation:

-The findings motivate us to explore cross tube relation in temporal.
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Method

1, We adopt extended Mask2Fomer-VIS as strong baseline

In particular, we add stuff queries to adapt such architecture for VSS and VPS.

2, Learning Cross Tube Relations:

-2.1 Cross-Tube Linking-> Directly Learn the Relation Of
Global Queries.

-2.2 Cross-Tube Temporal Contrastive Learning-> Learn the
contrastive query association via the tube-masks.
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meAxis ___ Spatial Temporal Feature
]

Sub-Clip Inputs

' Spatial Temporal Feature

Sub-Clip Inputs

¥

Training:
We perform tube-wised training for segmentation loss and cross-tube training for tracking loss.

Inference:
We perform tube-wised matching for VPS/VIS tasks.
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Experiment Results

Table 8: Ablation studies and comparative analysis on VIPSeg validation set with the ResNet50 backbone.

(a) Ablation Study on Each Component. (b) Design Choices of TCL. (c) Association Target Assign.
baseline TCLL. CTL VPQin VPQ Method VPQ STQ Method VPQ STQ
Mask2Former-VIS+ (F) - - 294 324 Dense Query [32] 302 30.1 All-Masks [32]  30.1  29.2
Mask2Former-VIS+ (T) - - 31.0 34.5 Sparse Query [25] 345 351 GT-Mask [25] 356 359
v - 34.6 36.8 Global Query(Ours) 37.5 36.5 Tube-Mask 37.5 36.5

v v 35.1 37.5

(d) Input Sub-clip Size with Tube Window (e) Tube-Window for Inference with Input (f) Tracking Choices with the Default Setting of

Size of 2 as Input. Sub-clip Size 2 for Training. Tab.(d).
Clip Size STQ VPQ VPQy, Window Size STQ VPQ VPQy, Settings STQ VPQ VPQy,
T=1 345 356 30.2 W=2 36.5 375 35.1 Extra Tracker [51, 53] 339 366 34.1
T=2 365 375 35.1 W=4 392 390 38.2 Rol Features [37] 345 359 34.5
T=2(ovl) 359 373 35.0 W=6 39.5 392 389 Query Embedding [25]  33.1  36.0 33.0
T=3 364 370 353 W=8 383 385 373 Our Tube embedding ~ 36.5  37.5 35.1

1, Add Temporal Contrastive Learning and Cross-Tube Linking (CTL) improve the performance.
2, The global query work better than sparse sampled query from each frame.

3, Tube-mask as association target.
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Experiment Results

Table 6: Results on the KITTI val set. OF refers to an optical

- 44
Table 5: Results on the Youtube-VIS datasets. We report the flow network [49].
mAP metric. T adopt COCO video pseudo labels. Axial means
Table 3: Results on VIPSeg-VPS [25] validation dataset. We using the extra Axial Attention [43]. Our method does not apply RITTESTER Backbone OF | ST _AQ SQ VPQ
report VPQ and STQ for reference. Following Miao et al. [25], we these techniques for simplicity. P + Mask Propagation ResNet50 V|| 067 063 071 044
i . i ’ Motion-Deeplab [56] ResNet50 058 051 067 040
report VPQ scores at different window sizes (1, 2, 4, 6). We report VPSNet [24] ResNet50 v || 056 052 061 043
the results obtained from either an efficient or Strong backbone for Method Backbone | YTVIS-2019 | YTVIS-2021 TubeFormer-DeepLab [25]  ResNet-50 + Axial 0.70 0.64 076 051
. VISTR [13] ResNet50 6.2 - Video K-Net [29] ResNet50 071 070 071 046
comparison. TubeFormer [ 19] ResNetS0.+ Aixal phage 412 Video K-Net [29] Swin-base 073 072 073 053
IFC[17] " ResNetSO 3 36.6 Tube-Link ResNet50 068 067 060 051
Method | backbone | VPQ' VPQ: VPQ' VPQ® VPQ STQ Seqformer [50] _ ResNet50 474 40.5 Tube-Link Swin-base 072 069 074 056
VIP-DeepLab [32] | ResNets0 | 184 169 148 137 160 220 Mask2Former-VIS [7] ResNet50 404 40.6
. _ N . IDOL [51] ResNet50 46.4 439
VPSNet[I5] | ResNet50 | 199 181 158 145 170 208 IDOL [51]+ ResNotSD 49.5 i
 SiamTrack [49] | ResNetS0 | 200 183 160 147 172 2Ll VITA [14] § ResNet50 198 457 VPQ Tube-Link (Swin-b)
Clip-PanoFCN [25] | ResNetS0 | 243 235 224 216 229 315 ) g , 50
" . Min-VIS [15] ResNets0 474 442
Video K-Net [21] | ResNets0 | 295 265 245 237 261 33.0 TubeLirk ReaNetSD 53 79 )
Video K-Net+ [8,21] | ResNet50 | 321 305 285 267 291 366 SeqFormer 501 e 593 B 45 7 Tube-Link (R-50)
Video K-Net[21] | Swinbase | 433 405 383 372 398 463 “i;kz]:omr_ws [ Swin. laree 0.4 96 4o | Ve RNt (Swnh)
Tube-Link | STDCvl | 321 313 300 290 306 320 IDOL [51] Swin-Iae 615 %61 . Tube-Link (STDCvD)
. } - -1arg - . ube-Lir -V
Tube-Link | STDCv2 33_3 _:|_3 306 296 :Ii 32.8 IDOL [51] Swin-large } 643 _ 35
Tube-Link | ResNew30 | 41.2 - 39.5 380 37.0 392 39.3 VITA [14] Swin-large 63.0 575 o | VRN s
Tube-Link | Swin-base | 54.5 514 48.6 471 504 494 Min-VIS [15] Swin-large 61.6 553 3 .
Tube-Link Swin-large 64.6 584 5 )
25 Clip-PanoFCN (R-50)
» @ @
VPSNet (R-50) Speed (FPS)
15

4 8 12 16 20

New SOTA results on VSS/VIS/VPS using one architecture/solution.
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Visual Comparison
Mask2Former-VIS Tube-Link Difference Maps

Video K-Net+ Tube-Link Video K-Net+ Tube-Link
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Summary

1, TransVOD: solve the video object detection problems.
2, Video K-Net: unify VPS subtasks via kernel linking and association.

3, Tube-Link: flexible and universal video segmentation framework.
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Summary

1, TransVOD: solve the video object detection problems.
2, Video K-Net: unify VPS subtasks via kernel linking and association.

3, Tube-Link: flexible and universal video segmentation framework.

What are the Nexts?

Beyond pixel wised recognition:
+ Geometry (Depth Estimation)

+ Reasoning (Video Scene Graph)




What are the Nexts?

Beyond pixel-wised recognition:
+ Geometry (Depth Estimation)

+ Reasoning (Video Scene Graph)
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Depth-aware Video Panoptic Segmentation (DVPS) Task:
1). Taking raw videos as input.

2). Predicting instance-level temporal-consistent segmentation results.
3). Predicting depth results for every pixel.

4). A complex and holistic scene understanding task.
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ular depth estimation and a next-frame instance branch whigh regresses to the object centers in frame ¢ for frame ¢ + 1.

(1) monocular depth estimation
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STOA results on VPS datasets
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ﬂ PolyphonicFormer : Unified Query Learning for Depth-aware Video Panoptic Segmentation

Haobo Yuan!” Xiangtai Li?* Yibo Yang? Guangliang Cheng* Jing Zhang> Yunhai Tong? Lefei Zhang! Dacheng Tao?

"Wuhan University, *Peking University, >JD Explore Academy,
“‘SenseTime Research, °The University of Sydney.

THE UNIVERSITY OF

“JD.coMm M iE il

sensetime




e NOLoGICAL S-LAB 6

(J (J -
‘g‘;:'_‘_-' UNIVERSITY FOR ADVANCED o g
4% CINGAPORE INTELLIGENCE WL S =

_________________________________ Thing Queries  Stuff Queries

Instance-level

Dense Depth Head > i -
--------------------------------- ' o DDD... Depth Predictions
Dense Semantic Head .—» g | DepthEstmaton
Features Center Prediction Head . g _, thaugrees PolyphonicFormer '—>
--------------------------------- B I . i
. ' ' (n 1 Panoptic Segmentation e e e 1
Center Regression Head —— »
————————————————————————————————— ! 3 :
; oa ! It ! Instance-level
Next-Frame Center S : OO0 oDEm Mask Predictions
Regression Head ! ! L s
--------------------------------- o Depth Queries
Previous Work on DVPS: PolyphonicFormer (Ours)
1). Complex. 1). Simple Pipeline.
2) Computationally heavy. 2) Unified and Efficient (relatively).
3). Ignore relationship between 3). Jointly predicting geometry (depth) and
geometry and semantics. semantics (panoptic segmentation).
4). Task competition. 4). Mutual benefit.

Our target is to build a UNIFIED framework, and JOINTLY predict semantics and geometry information for
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Panoptic sttt [ |:| U Bfﬂﬁa,t_
Feature Querv{ |:| ," b H
! ! i Mask |
| T Queries °]
i
o Thing |:| qgl Qu %p '_QR_|m1: i Mask :"15*11:
g Query I:‘ ' | Predictions | 0
E \\ /I 0 !
I I N O .~ [N S RO A [N
m Initial Mask (m,) D f [
3 Loss
g - I:l Qery Linking
gl 1 s Al N T e
% Deplh{ g b ' ' |
g auery | [ gt { d: i, Depth idiy
|:| ! ~ f ' Predictions |
i ! |
r h : ] f |
Thing D 0 H ' i
Depth ! -MG iy Depth )
DEpth Query D :‘ /: ! Queries. :
Feature i i e Tt
|:| Repeat
\_____/ Depth Feature (X%&y) Depth Path
= -
o Yo Panoptic Feature (Xfpy)|
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3 » i |:| iPanoptic Path:
g cature |:| : (t+1) I Similarities
= i
Y " thing 7z
bt Query I:| | Tracking Embeddings (k) |
D Panoptic Feature (XE3%) Tracking Head

Feature

Mask Grouping (MG)

Masked
Features

- Previous
Queries

Query Update (QU)

=X =

Queries

Feature

Query Reasoning (QR)
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Unified Query Modeling for
both Depth and Panoptic
(Things and Stuff)

1, Backbone Feature Extractor
2, Panoptic Path

3, Depth Path

4, Panoptic Path in next frame for
tracking.

Experiments show the joint modeling Depth Prediction and Panoptic Segmentation via Query Leads to better

results for each other.

We term our method PolyphonicFormer: Means different queries come from different sources (depth or
panoptic) but both can benefit each other which is just like polyphony used in music field.
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Panoptic Path Mask Grouping (MG)

Feature 3, Joint Depth and Panoptic Query
Modeling

% u Each thing and stuff query corresponds to on
$  woiwew| each depth query. (Doing Broadcasting)

Panoptic Feature (X7, )

Panoptic
Feature

Initial Mask (mg)

(1) Jo10ea1X3 2UNMIER4

| i | '
. Depth !ds g
' | Predictions |
' 1

Masked
Features

e L : .
bepth T s ™ l 4, Motivated by K-Net and Sparse-RCNN,
B B B | R o G| we proposed to refined and update the
N Depth Feature (Xfoy) Depth Path Queries . .
: § Erw— above queries and query features via
;g /ﬁ . . . .
o [ i | Dynamic Convolution. This process is
§ IEIEREE < | [7] EPanoptic Path! 4’| e el Queries \ . .
3 Feature ) I:l i (t+1) : I S reﬁned lterathely.
E N Thing I:' E :
= el 7 ———— '} —-{ Tracking Embeddings (k) | i »u
i ' Tracking Head MG: Mask Grouping -> Grouping Query Features

QU: Query Update -> Update Learned Query via MLP
QR: Query Reasoning -> Self Attention along the Query

1, Two path results in different features for further process.

This results in less computation cost and
avoids noises from two different modalities
(Depth and Semantics)

2, Initial Depth Query Weight is obtained from the
dense depth prediction
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Thing Mask Predictions

Panoptic Segmentation

Stuff Mask Predictions

Merge

Depth Estimation

Stuff Depth Predictions
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Panoptic Segmentation: (with query learning)
One Query -> One Thing / Stuff

Bipartite Matching for calculating training loss.

Depth Estimation: (with query learning)
One Query -> Depth Map of Corresponding Thing / Stuff

Cal Training Loss using Panoptic Bipartite Matching Results

Summary : Instance-level Depth Estimation ParadigmpWit

Query Learning for implicitly leveraging semantic info
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Experiment Results

DVPQ} on Cityscapes-DVPS | k=1 | k=2 | k=3 | k=4 | Average  |FLOPs
PolyphonicFormer A = 0.50 |70.6 | 63.0 | 76.0(62.9 | 49.2 | 72.9|59.3 | 42.3 | 71.7|56.5 | 36.9 | 70.8]62.3 | 47.9 | 72.9| -
PolyphonicFormer A = 0.25 |67.8 | 61.0 | 72.8(60.4 | 47.6 | 69.8/56.9 | 40.8 | 68.6(54.3 | 35.8 | 67.8(/59.9 | 46.3 | 69.8 -
PolyphonicFormer A = 0.10 |50.2 | 43.4 | 55.2|44.4 | 33.4 | 52.4|41.5 | 28.6 | 51.0|39.5 | 24.7 | 50.4|43.9 | 32.5 | 52.3 E
Average: PolyphonicFormer [62.9 | 55.8 | 68.0(55.9 | 43.4 | 65.0(52.6 | 37.2 | 63.8]50.1 | 32.5 | 63.0|55.4 | 42.2 | 65.0| 1,675G
Average: ViP-Deeplab [13]  |61.9 | 55.9 | 66.3(55.6 | 44.3 | 63.8|52.4 | 38.4 | 62.6(50.4 | 34.6 | 61.9]55.1 | 43.3 | 63.6|9,451G
DVPQ* on SemKITTI-DVPS| k=1 | k=5 | =10 | k =20 | Average  |FLOPs
PolyphonicFormer A = 0.50 |58.5 | 55.1 | 61.0(52.0 | 42.3 | 59.1|50.6 | 39.9 | 58.5/49.9 | 38.6 | 58.0|52.8 | 44.0 | 59.2| -
PolyphonicFormer A = 0.25 |56.3 | 54.0 | 57.9]49.7 | 41.1 | 56.0|48.4 | 38.7 | 55.547.7 | 37.6 | 55.0|50.5 | 42.9 | 56.1| -
PolyphonicFormer A = 0.10 [41.8 | 41.1 | 42.4|35.1 | 28.2 | 40.1|33.7 | 26.0 | 39.3/33.0 | 25.1 | 38.7/35.9 | 30.1 | 40.1| -
Average: PolyphonicFormer |52.2 | 50.1 | 53.8/45.6 | 37.2 | 51.7|144.2 | 34.9 | 51.1|43.4 | 33.8 | 50.6|46.4 | 39.0 | 51.8| 402G
Average: ViP-Deeplab [13]  [48.9 | 42.0 | 53.9|45.8 | 36.9 | 52.3|44.4 | 34.6 | 51.6/43.4 | 33.0 | 51.1|45.6 | 36.6 | 52.2| 2,267G

Results on Cityscapes-DVPS and SemKITTI-DVPS (DVPQ).
Our method achieves better results with about %4 computational cost.

Method k=1k=2k=3k=4VPQ

VPSNet [21] 65.0 57.6 544 528 57.5

SiamTrack [63] | 64.6 57.6 54.2 52.7 57.3

ViP-Deeplab [13]| 69.2 62.3 59.2 57.0 61.9 Our method also outperforms some other
Ours (ResNet50) | 65.4 58.6 55.4 53.3 58.2 works on VPS (subtask of DVPS).
Ours (Swin-b) | 70.8 63.1 59.5 56.8 62.3

Results on Cityscapes-VPS. (VPQ)
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Method |Depth|Pa,noptic‘Ins|PQ ﬂabs rel | Laeptn |PQ 1|abs rel |
ViP-Deeplab [43] | v | v |-]60.6] 0.112 01 lesa!l 0101
Depth ‘ v ‘ - |- ‘N/A‘ 0.084 1.0 |65.3 | 0.089
Panoptic - v - |63.7| N/A
Hybrid (ours) v v - [ 65.1] 0.089 2.0 65';?'1 0'030
PolyphonicFormer (ours)| v v v | 65.2| 0.080 10 65. 0.079

1). Unified framework 1s good for mutual benefit and robust to loss weight
choices between sub-tasks rather than mutual competition.

Stages|PQ T|abs rel | Method IDSTQ 1]AQ 1
1 64.1 | 0.081 PolyphonicFormer + DeepSort [62] | 51.8 |25.9
2 64.6 | 0.081 PolyphonicFormer + Unitrack [59] 49.3 |22.5
3 65.2 | 0.080 PolyphonicFormer + QuasiDense [38]| 63.6 | 46.2

2). Iteratively query modeling for updating 3). PolyphonicFormer is capable of tracking with
instance-level information. different appearance-based tracking heads.
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Experiment Results

Instance-level Depth Estimation Paradigm for implicitly leveraging semantic information.

The neural network can better predict the depth map with
the semantic information with query learning.
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The output of the Depth-aware Video Panoptic Segmentation with PolyphonicFormer.
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Winner of the ICCV-2021 SemanticKITTI DVPS Challenge

Segmenting and Tracking Every Point and Pixel: 6th Workshop on
Benchmarking Multi-Target Tracking

Rasyl Best Result on the video panoptic segmentation + depth track:
esults

e e PolyphonicFormer

Ll 10/08/21 63.63 (1) Xiangtai Li (Peking University)
2 ViP-Deeplab 4 07/15/21 6336 (2) Haobo Yuan (Wuhan University)
3 - Yibo Yang (JD Explore Academy)
an
yiwang e Ui p SR Lefei Zhang (Wuhan University)
4 rllab 3 10/08/21 54.77 (4) Yunhai Tong (Peking University)

Dacheng Tao (JD Explore Academy)

N, Weber

Iccv OCTOBER 11-17 Lifc::z:;
VIRTUAL of Munich
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What are the Nexts?

Beyond pixel-wised recognition:
+ Geometry (Depth Estimation)

+ Reasoning (Video Scene Graph)
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PVSG-dataset

Input: a video sequence
Frame 0000 0008 0027 0042 0066

(a) An example video from the PVSG dataset. The PVSG dataset carefully selects 400 first/third-person long videos (avg. 1 min) with clear storyline. The PVS G taSk alms tO
Output: a frame-level panoptic segmentation & video-level scene graph abstract/parse all the
‘..j’ r-‘ -ihf -k _‘ % information in a video, into a
v AN YRR N A - -
" ryike o y. ' . representation of dynamic
(b) The mask annotation of the example video. The PVSG dataset has dense (5 fps) and accurate video panoptic segmentation annotation. .
_ - _ _ scene graph, each node is
&t ; 11 ot L it it /
1N = ”/° \V ' |1 Ll A sl VA < —» \0 grounded by temporal mask
& — F—2 -

(¢) The frame- level scene graph representation of the example video. Nodes represent object category and its status. Edges represent relations. tube
Status (Open Vocabulary)
adult-1 roll up pants adult-1 smiling
adult-2 smiling adult-2 smiling

Relations (80 Predicate Classes)

& adult-1 standing onlin ground bottle towards adult-2  adult-1 towards adult-2 it Vithg skt 2
& adult-2 standing onlin water adult-2 walking onfin water  adult-2 standing on/in water
cg adult-4 holdi \\\“\“\\:::QQQQ:%{%‘

& (Static Relations) water hanging from rock; rock enclosing water; rock in front of tree

(d) The video-level status and relation annotation, which contains interchangeable information of frame-level scene graph in (c).
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Panoptic Video Scene Graph Generation-CVPR-2023

PVSG-dataset

et (b) The histogram of the relation categories, grouped by parent classes.
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(c) The histogram of the object categories, grouped by parent classes.
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(a)Video Source & Types

Large-Scale (150K frames) Long Videos (avg. 77s)
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Option-2 (1i1) 1D Convolutional Layer (iv) Transformer Encoder Prediction

(a) Stage-1: For Feature Tube and Mask Tube Output (b) Stage 2: Relation Prediction




Conclusion

1, TransVOD: End-to-End Video Object Detection with Spatial-Temporal Transformers.
(Video Object Detection)

2, Video K-Net: A Simple, Strong, and Unified Baseline for Video Segmentation
(Video Panoptic Segmentation, online)

3, Tube-Link: A Flexible Cross Tube Baseline for Universal Video Segmentation
(Universal Video Segmentation, semi-online)

4, PolyphonicFormer: Unified Query Learning for Depth-aware Video Panoptic Segmentation
(Unified Transformer For Depth + Panoptic Segmentation )

5, Panoptic Video Scene Graph Generation
(A challenging video pixel-level segmentation and relation detection benchmark)
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Open Sourced Codebases

We release all codebases of our video research works!!

Video K-Net Tube-Link TransVOD PolyphonicFormer
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Future Work

1, Joint Learning with Multi-Modality

2, Generative Segmentation

3, Extremely Long Video Segmentation in Dynamic Scenes
4, Life-Long Learning for Segmentation

5, Video Segmentation in Open Vocabulary Setting




Thanks For Your Watching
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