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I 0 Dataset

* DAVIS(CVPR2016)
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I O Dataset

* Youtube-VOS (for Video Object Segmentation )

o 44534 E 0 B YouTube A A5 A1 944N i FH % 5 28 1 2H Ak
o IGURSEHATANMIANA R, BFEIL NN RIEH], HAes N NIGEF LR, Hp226 M NAT R4,

o BRI EEZT 33680 -
* 30fpsPiiE 5 &E5 Ml T B ER BN R T

* YOUtUbE-VlS(lCCVZOlg) (for Video Instance Segmentation )

o 1128831 E 7 HER I YouTube AT B, &40 A PR 4L

Video frames

Video instance annotations




I O Metrics —( A Benchmark Dataset and Evaluation Methodology for Video Object Segmentation)
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01 Video Object Segmentation using Space-Time Memory Networks
* ICCV2019

e Motivation

*  Available cues (e.g. video frame(s) with object masks) become richer.
. However, the existing methods are unable to fully exploit this rich source of information.

e Contribution

. Propose a novel solution for semi-supervised video object segmentation leveraging memory networks

Previous Current




01 Video Object Segmentation using Space-Time Memory Networks

* Overview of the framework
e 2 parts :previous frame with mask and current frame
* 4 feature maps :Key feature maps(2) + value feature maps(2)

Memory: Past frames with object mask Query: Current frame

Memory |  Query
Encoder | Encoder

Decoder

H Memory - | Query
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D : Intermediate output T




I 01 Video Object Segmentation

Encoder Networks
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Video Object Segmentation using Space-Time Memory Networks

e STM Read

HxWxC /2

Soft weights are first computed by measuring the similarities between all pixels of the query key map.

Extract information from M
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e Concat Y™ and V9 .
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I 01 Video Object Segmentation using Space-Time Memory Networks

e Decoder

The read output is first compressed to have 256 channels by a convolutional layer and a residual block
A number of refinement modules upscale the feature map by a factor of two.
The decoder estimates the mask in 1/4 scale of the input image.
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Video Object Segmentation using Space-Time Memory Networks

* 2 Stage Training
e 1)Pre-training on images:

A video clip that consists of 3 frames is generated by applying random affine transforms

e 2)Main training on videos.

Sample 3 temporally ordered frames from Youtube-VOS or DAVIS-2017. The maximum number of frames to
be skipped is gradually increased from 0 to 25.

* Inference

e The first and the previous frame with object masks are the most important.
* For the intermediate frames, we simply save a new memory frame every 5 frames.



I 01 video Object Segmentation using Space-Time Memory Networks

* The training process is more complicated, need large image data sets

* Multi-object Segmentation need a post-processing step

Variants Youtube-VOS DAVIS-2017
Overall T F
Pre-training only 69.1 57.9 62.1
Main-training only 68.2 38.1 47.9
Full training 79.4 69.2 74.0




I 02 FEELVOS: Fast End-to-End Embedding Learning for Video Object Segmentatior

* CVPR 2019

e Motivation

. Many of the recent successful methods for video object segmentation (VOS) are overly complicated

e Contribution

. Design a simple, fast, end-to-end, strong Network without fine-turning
e  The network only need one-stage training and can handle Multi-object Segmentation without post-
processing step



I 02 FEELVOS: Fast End-to-End Embedding Learning for Video Object Segmentatior

e QOverview of the framework
 Backbone features

* Global matching distance map

Dynamic segm.

* Local matching distance map e "‘*“... ﬂ,-_»
* Previous frame mask 511
Local matching Global match?n /2\ :
+ : G
Groundtruth mask for the first frame is given T‘ '{

Pixel-wise :
embedding Backbone features
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02 FEELVOS: Fast End-to-End Embedding Learning for Video Object Segmentatior

* 1. Backbone feature map
* Deeplab v3+
depthwise separable convolutions (/& 1] 43 Z 5 4R)
batch normalization
Atrous Spatial Pyramid Pooling

The depthwise separable convolutions divide the original convolution layer into two parts, which can achieve the same
purpose and reduce the number of parameters

3 channel Input Filters * 4 Maps * 4

Maps * 3 Filters * 4 Maps * 4

1 ‘ [T T H 3 channel Input Filters * 3 Maps * 3
B i P - o , ,
| B T 1 ; | HJ | \
R + R P
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N T T @ .

H = [ | i
‘ .

o Ndepthwise =3%3%3 =27 Nde'pthwise =1%*3%4 =12

Ny =4 %3 %3 %3 =108 Ngum = 27 + 12 = 39



I 02 FEELVOS: Fast End-to-End Embedding Learning for Video Object Segmentatior

* 2. Global Matching and Local Matching /

Embedding feature vectors
* Deeplab v3+
depthwise separable convolutions (3 °] 43 255 FH)
backbone L C
batch normalization
Atrous Spatial Pyramid Pooling
* 3x3 conv + 1x1 conv

* Channel =100

2

d(p,q) =1 . T v
1 +exp(|lep — eql|?)

pHlgk B AR - MRFEqHI A, 11 H P Fldistance map:

Global distance map#H Local distance map



I 02 FEELVOS: Fast End-to-End Embedding Learning for Video Object Segmentatior

* Semantic Embedding.

* Global Matching

Gto(p) = min d(p,q) e, | ER
qE,Pl?D - : l
1
Previous
* Local Previous Frame Matching Freme —~
Loctalh_ L:_ ﬂ
matching

1 otherwise Frame

ét,o(p) = {mlnqefptl’o d(p, Q) it pt_l’o ?é 0 Current

A given window size K, we only comprises (2 * K + 1)?elements

Lio(p) = mingepr d(p,q) PP, #0
t,o —
| 1 otherwise,



I 02 FEELVOS: Fast End-to-End Embedding Learning for Video Object Segmentatior

* 3.Previous Frame Predictions

Dynamic segm.
head =1
.80 : 2 2 2
T & .t
v‘Lm:al matching

softmax
—_—

™
Global matching

Groundtruth mask for the first frame is given

Pixel-wise
embedding

T
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embedding :

Backbone features embedding
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I 02 FEELVOS: Fast End-to-End Embedding Learning for Video Object Segmentatior

* Dynamic Segmentation Head

D .
S ¥ . d{i\?'@ Q
e 15;\02‘:"& :ﬁﬁﬁ\k\ Q?j < -
A o5 & e 5
" N
P S 'Cl':‘\;fJ
& ¢ h
Segmentation
) head stack + softmax
Object 1 + (shared weights) | —» ™
]
. —_
' § § - § . » L
i <\l = <
Object N + i — —/  w/4 x h/4 xN
w/4 x h/4x 256 1 !

|

* 4 depthwise separable convolutional layers:
a dimensionality of 256, a kernel size of 7 X 7
* A RelU activation function.




02 FEELVOS: Fast End-to-End Embedding Learning for Video Object Segmentatior

* Training Details

* Backbone

Using weights for DeeplLabv3+ which were pre-trained on COCO
* Global Matching

Randomly subsample the pixels from the first frame to contain at most 1024 pixels per object
* Local Previous Frame Matching

K=15
* Dataset
 3frames
e DAVIS 2017 training set (60 videos) and YouTube-VOS training set (3471 videos).
* Loss
Bootstrapped cross entropy loss, which only takes into account the 15% hardest pixels for calculating the
loss
FF-GM PF-LM PF-GM PFP Vi F TJEF
| v v v 65.9 72.3 69.1
2 v v v 61.2 67.3 64.2
3 v v 49.9 5H9.8 54.9
4 v 47.3 57.9 52.6
5 v v 60.4 66.2 63.3
6 v v 53.8 5H8.3 56.1




I 03 CFBI: Collaborative Video Object Segmentation by Multi-
Scale Foreground-Background Integration (ECCV2020)

* Motivation
* Background should be equally treated

Reference (t=1) Prediction (t=T)

e Contribution

* . Global Matching and Local Matching

Forground and background
Pixel-level matching and instance-level embedding

w/oCl |

e FPN multiscale matching.

* A Atrous Matching (AM) algorithm, which can
significantly save computation and memory usage of

matching processes.




I 03 CFBI: Collaborative Video Object Segmentation by Multi-
Scale Foreground-Background Integration

* Collaborative Pixel-level Matching

1= : ifqe B
D(p,q):{ Trezp(llep,—eqPPs) T4 S Pt

2 .
L= reamte, e Pty 4 e

bp and bg are trainable background bias and foreground bias

e Compared with FEELVOS

2 min,cpr  d(p,q) itPF_, F#0
d(p,q) =1-— L () = {mineerr A P
£,9) 1+ exp(|lep — equ) bolP) {1 otherwise,



I 03 CFBI: Collaborative Video Object Segmentation by Multi-
Scale Foreground-Background Integration

* Collaborative Pixel-level Matching

* Foreground-Background Global Matching
(from t =0 frame)

( F-B Global Matching

Golp) = min D(p,q).

FG BG

Go(p) = min D(p,q).
g€P1,0 k




I 03 CFBI: Collaborative Video Object Segmentation by Multi-
Scale Foreground-Background Integration

* Collaborative Pixel-level Matching

* Foreground-Background Multi-Local Matching

(from t = T-1 frame)

MLT,O(p7 K) — {LT,O(pa kl)) LT,O(p7 k?)a ceey LT,o(p7 kn)}v

(g F-B Multi-Local Matching

R

e U TTe T Do S eI l- big window

. . Lk
mlnqepg’fl.o DT—l(pa CI) if 7Dé)“—l,o # 0

| otherwise

LT,O(p7 k) - {

mT,O(pv K) — {ZT,O(pa kl)va,o(p7 k?)a ""ZT,O(pa kn)}a

—p,k
— min_—px  Dp_1(p, if PPk oy
Lr.o(p, k) :{ qeprlyo 7-1(p, q) T-1, = |

1 otherwise



I 03 CFBI: Collaborative Video Object Segmentation by Multi-
Scale Foreground-Background Integration

 Collaborative Instance-level Attention

* Get guidance vector

Pixel-level Instance-level

| Pixel
Separation | >

{ F-B Global Matching

=
Pixel
> |Separation |~

gc F-B Multi-Local Matching

Small WINAD® === -=-=======-=====zs2zc-acf l:Hl; window

Pixel-level
Embedding

"“instance-level Attention |

Embedding
—




I 03 CFBI: Collaborative Video Object Segmentation by Multi-
Scale Foreground-Background Integration

 Collaborative Instance-level Attention

e Attention mechanism

Collaborative

Instance-level
Guidance Vector

1. Concat the guidance vector l s 1% 4C
X 1x4C,

' FC
2. a fully-connected (FC) layer :

X i Ix1xC

. . . . Non-linear
3. a non-linear activation function
I1x1xC

4. Give each channel a weight Scale

¢ HXWxC

Res-Block
v

Leverage a full scale of foreground-background information to guide the prediction further



] 03

Scale Foreground-Background Integration

e An overview of CFBI

oot
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i Foreground Concat
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F-B Global Matching
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: i @
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—
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T T instance-level AttenﬁcTI_J
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{ Concat +
e ¥

N Collaborative

" + Ensembler
Pixel-level ;
Embedding L )] 2 Prediction T

low-level feature

CFBIl: Collaborative Video Object Segmentation by Multi-

(D Backbone Hfeature
@ HI—MmifFIMask

(3 Local Matching

@ Global Matching




I 03 CFBI: Collaborative Video Object Segmentation by Multi-
Scale Foreground-Background Integration

e Multi-scale Matching(CFBI+)

Prediction

Decoder

Matching ——

€ Matching —,
Backbone —
Atrous -,
§=8 _Matching || stance-level Attention

DeeplLabV3+

ResNet101

low-level feature

Inputs
" aides | Chamnel | Windowsizes
4 32 {4, 8, 12, 16, 20, 24}
64 {2,4,6,8, 10, 12}

16 128 {4, 6, 8, 10}
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CFBIl: Collaborative Video Object Segmentation by Multi-
Scale Foreground-Background Integration

e Atrous Matching (AM)

O OTTTEQNEDIN
el ‘<‘..’_"‘..‘, b WO
IrEENEeeccooum

ineévecen

(a) L = 1 (original matching)

Matching Atrous Matching (AM)
Golp) = qlél%?,aﬂ(p’ q). Glp) = qglg?oﬂ(m), Plo={qoy € P10, Va,y € {1,21,3L,.
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CFBIl: Collaborative Video Object Segmentation by Multi-
Scale Foreground-Background Integration

* Training details

TABLE 4
: : A : TABLE 5
Ablation of backgruund embedding on the DA}IIS-EDW validation Ispht. Ablation of atrous matohing. We evaluaie the speed and performance
P and | denote the pixel-level matching and instance-level attention, of CFBI on the YouTube-VOS validation split using different atrous
respectively. *: removing the foreground and background bias. matching factors (I). I = 1 is equivalent to original matching.
l 1 2 3 4

P I A‘rg J il Global Matching
v v 749 721 77.7 Avg Bl4 813 B07 799
7= 7 77 8 695 761 t/s 029 015 013 012
v 73.0 69.9 76.0 Multi-local Matching

v 723 691 754 Avg 814 808 801 795

709 68.2 73.6 t/s 029 026 025 025




| 04 video Instance Segmentation AN _,\_1

ICCV2019

e Contribution ---

Video instance annotations

Video instance predictions

* 1) A new computer vision task

« The goal of this new task is simultaneous detection, segmentation and tracking of instances in
videos

e 2) Propose a large-scale benchmark called YouTube-VIS

e Based on YouTube-VOS
2883 high-resolution videos and 40 common categories.

* 3) Propose a novel algorithm called MaskTrack R-CNN for this task

 Atracking branch to Mask R-CNN to jointly perform the detection, segmentation and tracking
tasks simultaneously.



| 04 video Instance Segmentation

 An overview of MaskTrack R-CNN

CCCCCCCCC

j Tracking
head
BBox head

Mask head

77

\ 4

Inner product

f

BBoxes
Classes
Confidences

Masks




I 04 video Instance Segmentation

* New Tracking Branch

e Two fully connected layers.
The first fully connected layer transforms the 7 X 7 X 256 input feature maps to 1-D 1024 dimensions.
The second fully connected layer also maps its input to 1-D 1024 dimensions.

Update memory
p Te —  Memory queue ¥
RE nfo n e [13 N] "' Score matrix Instance ids
N Tg;
pi(n) — 1+23‘=1‘rj L Inner product ‘EE‘
1 ay

—— N 0 3 i

\ 1+3 j—1€t

L — PP —
' |

Lt?“a,ck — _Ez log(pl(iy%))

y; 1s the ground truth label.



| 04 video Instance Segmentation

 Combining Other Cues

vi(n) = logp;(n) + alog s; + BloU(b;, by, ) + vd(c;, cn)

b;, c; and s; denote its bounding box prediction, category label and detection score

Memory queue W ’ / _ / Update memory
/ ’ : Score matrix Instance ids
Inner product | mesp E —
B 77—
Tracking | ’ ,
head

|
RolAlign ‘ :
‘ I
" |
BBoxes e
Additional cues
2=l @iCE] — Classes (SRS
Confidences
' e W EEWEERl —— Masks
RolAlign ‘




I 04 video Instance Segmentation

e Evaluation Metrics

*1)loU
T A v d
Yi—1|mi Ny

T i ~ ]
Y1 |m? U m;

IoU(i, j) =

e 2) AP(average precision)

« AP is averaged over multiple intersection-over-union (loU) thresholds
e |oU thresholds : 10 loU thresholds from 50% to 95% at step 5%

e 3) AR(average recall)

e AR s defined as the maximum recall given some fixed number of segmented instances per
video.



