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Abstract  The propagations of spatio-temporal representations are essential for accurate unsupervised
video object segmentation. However, due to the complexity of realistic videos, the learning and
propagation of spatio-temporal representations become very challenging. In this paper, both spatial
and temporal representations of objects are enhanced by two modules, respectively. Specifically,
in the current frame, this paper spatially proposes a novel multiple direction attention module,
aiming to extract triple attention maps along the horizontal, vertical, and channel-level directions.
Simultaneously, a parallel temporal module is designed to integrate the information from the
previous video frame with current representations. It calculates the second-order similarity of the
coherent frame pairs in a parallel way, and re-weights the current frame according to the similarity
map. Also, the similarity map directly generates a valid mask to augment the representation of
current frame. Furthermore, the spatial and temporal features are fused to achieve the augmented

spatio-temporal representations and put into the decoder framework to predict the masks of current
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frame. Extensive experimental results on three mainstream unsupervised VOS datasets show that the

proposed model yields favorable performance. The source code is available at https://github. com/

sul517007879/MP-VOS.
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84. 2% W F,, 184y, {83 & T MBNM., DFNet 1 81. 6 %
A1 83. 3% . X AT W AIE T A CAF #2 7 % MP-VOS
2 1] B B

% 2 7£ DAVIS-2016.FBMS 5 ViSal #[#E & L 1 F 3 4 %t

iRZ (MAE) #1 F-measure {8 B 3t Lk £ R (R %I 82 %%,
W& HMENMEFERTN=2HED
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MBNM-34! 0.031 86.2 0.047 816 0.047 —
PDB33) 0.030 84.9  0.069 81.5 0.022 91.7
AnDiff(12] 0.044 80.8 0.064 81.2  0.030 90.4
DFNetl13] 0.018 89.9 0.054 833 0.017 92.7

MP-VOS
(Ours)

0.014 92.4 0. 059

&®
™

0.019 92.1

TZIEREIPLEX T UVOS h B XHEZ. /T
20 3 M 22 J7 1) T = I BIL S A T il S92 56 23 J31) B
EBRT =071 ETEES. BRI EIR R,
MEBRBETEE N R T B R 2, TR A =
A5 1w T R R e T AR T R B L
AL T W% M ResNet101 ##He it ResNet50,
P E M 36. 2 fps $ETFF] T 56. 3 fps, (HEMEREH KK
BEAR T AR 78,026, 3 AN 1T i3 B 1 8 9 45 X
UVOS PERE Y F 20, B T 045 80 ROR g
UEAh A EG T e T i AR SO IR E ] FF 4y
A 1.3% 5 2. T MBI T UL T BT ER
BARVEREIL B, &5 BT IR A SCHR Y B I AT I
il 22 T ] R ) AR RN R i A R AR
R HL L FEAT IR 98 1 S L 22 0 1) T ) )
A UVOS RGERYE K.

% 3 7E DAVIS-2016 #iE& LBt L I6

ViSal $i#la 4 L4553 . 5 FBMS 45 1510,
ASCHE B MP-VOS L 0. 019 (MAE) 5 92. 1%
(F-measure) 18 0§ 9% J5 T TENET 5 DFNet.
F1 FBMS i 48 i1 D020 A8 i Al 1 F Al CRE
J5 A i 4 B R, TENET 5 DFNet L 0. 005 F
0. 002 MGG T A S B B k. (B2 AR
7 E MP-VOS 1 A& B & 2% 19 1 J5 40 389 1
BUFABSREUAS T 0,019 F1 92. 1 ) MAE fil F, {H ,
IFH o E R A BPE 5 DAVIS-2016 F i MAE
M F, WE# 5 %5 T TENET 5 DFNet, % S5 4 7
YU T A SCRT AR O vk B BRI ERE. Z8 BTk,
AR SCHR I B T IR AT 22 07 1) R 0 i T WA B LA
B 43 ) 5 B (MP-VOS) 7E DAVIS-2016 , FBMS-59
55 ViSal #dla 5 L #R B T B0 1 S 56 25 . 7E &
FE ARG S LR L A ST I A E R L
i UVOS il KR R4 1.

4.4 HRLZIGNMT

# 3 H i T A SCAE DAVIS-2016 4 5 F Y
TH Al S B0 45 . AE L BRI AT I IR SR 2 e A
) J A F 1545k 80. 6% F1 78. 4%, ] M F 43 3 F
BT 3. 10601 5.0% %458 87 HIFA7 i 8 il 3R
W 78 B 25 R AE A% 38 oh i BB VE . O T 36 UE IR AT B
J VR A B v 1 — B S B 0 B B AR SO — P
BT —Br oS i AN 3 R B RIS R 83.6% F
R T 83, 400 BLB T — B 43 SR A I AT 4 SOk
SN VR HL. oAb A SCHE LB T 22 07 13 7 L
il 5 A3 2 80. 020, LI AR MUAS T BE T 3.6 %0, 146 B

Ky J&F J F
52 B AT I 5 8 7 79.5 80. 6 78. 4
LBRIFAT— B oy 83.4 83.5 83.2
EBRZHmERN 80. 0 81.0 79.0
LB EE D 78.9 80. 1 77.8
KR m IR 79.1 80. 3 77.9
LB IE T mEE T 79.5 80. 7 78. 2
B 2 I 4% 5 e
ResNet50(56. 3 fps) 78.0 79.0 7.0
F i J7 1 (Baseline) 81.6 82. 4 80. 7
SR IR A (36. 2 fps) 83.6 83.7 83. 4

4.5 TEMEZWHH

3 RN 1A SCRE W E S g i 25 2R N EF)
TR SR U DAVIS 2016 %4 £€ (Blacksman
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JIE 7R » AR SCHRE 1 O vk T DL G I 22 S bR 37
T T I g 1) A L 45 PR 52 Bl 3 Bt (AN Blacksman,
Parkour 5 Motorbike_0009 J# %) . i 5 2% &L 37 &=
(Dog 5 Panda J¥ 5 i ZUE 25 & 5t (Drift-straight,
Car 5 Dog_0005 FEF) (#4437 5 (Snow_leopards
55 Cat_0003 J§+41). 4 41 . 76 45 DU 4T i) Parkour 7 %)
b, RV RR 02 3l D1 PR SR L AR SCHR Y A T AT I
T AR SR BE A R B2 & 4 1 0 AR R AR 205 o DT 2R
F MEB B ALAA H AR 23 0 45 . L6265 754719 Dog_0005
Feal b ANITES SR W AW R B A T AR AR,
FL T BRI © 4 8 JF B Sk i R EY L (H AR SCHR
) MP-VOS Jy i i 2 A 170 AN 1) 79 33 58 77 BIL A e
F UG R T B S W) IR R (AR R N X R AR



2344 it =N 2% i 2022 4
=]
<
£
2
g
M
e
& &
& o
>
o
L= N
.;.5 >
Az <Q:
5
e}
]
5
[a
S 2
5% £
®
nl ﬁ
| 1o 1
= 5
b
: E
i 5
£8 1E
[
e}
>
S
&
1]
o
] 8
2 e
|
. =
o
=}
w
[}
a=}
=]
v}
[ai}

K3 LA

PR BE 3 38 5 f5e 28 I 8 119 J 0 AR IR T L 58 8 M o
R BRAR A /N AR B . LA b B0 M SR ST SRR T
AR SCTTHEAE NS E 5 B AT 3k
4.6 KL

B4 JEoR T IR o A b Ok R ARG T AL 1D A
B Al LU B A Zhod R P A . B . 7
Y G0t [ BEA0 2% B e i B2 652 O o 5 ) 2 110 2
AREGER. AENGRE BRI E T

train_loss
tag: train_loss

0.5
0.4

0.3

0.2

0 10k 20k 30k 40k 50k 60k 70k 80k
B4 IZRid FE v 4 2k S (R 1R

R e 1) P AR ARLAT FE RRSE T B o 108 I ASE 75 3o B 17 451
I BRBURE IE H S B Ah I B i 2 B 3h 5 Batch
size [ B A OC . A SCEE LY Batch size HHR A 3d
JIT LA 2 aod 2 o i it 28 D sl /DS

5 & it

ASCHR W T — PP T 207 1l 3 ) A AT 2
e 1A i ARG s B LA H A o B D5 3k B S AR DL
T T IR AT I R AL R TR S it (8] Y
FEARLEE » AR 12 A AL J3E T #2442
7. A SRR RS I 25 AT R S R £ B
B BE PR H BRI 2SRRI Ah . AR SO
PE— PP T — Bl 22 5 ) T D SR TS
[e) 7 i) = 9 0 A S A 8 94 o T R R 1Y
FIBRETT . e o A SCHE = A T0 W B AU H A 2 31 5
Yade EAEAT TSR VAL A E A S8 50 45 2R 5T 40 Bk
AR SCHR T A



11

# B PRAE . BT IRAT 207 1 TR0 B9 T8 B L H AR i

2345

£
4

(1]

2]

(4]

[5]

[6]

(7]

(8]

(9]

[10]

[11]

W ORBIRFER MO T RMIEFT R
% & I Ao 3% b 0 & kb

2 % x #

Chen Jia, Chen Ya-Song, Li Wei-Hao, et al. Application and
prospect of deep learning in video object segmentation. Chinese
Journal of Computers, 2021, 44(3): 609-631(in Chinese)
CBRAM, BREAR , 255 55, TR BESA ST TE AU 5 43 &1 o 14 1L
S RE. WHELFER, 2021, 44(3): 609-631)

Huang Shu-Ying, Hu Wei, Yang Yong, et al. A low-exposure
image enhancement based on progressive dual network model.
Chinese Journal of Computers, 2021, 44 (2).: 384-394 (in
Chinese)

CHOMBE, IR, M 58 45, T W 2 X000 IR0 46 A5 280 11 1K B s R
BB TT k. THREALZA, 2021, 44(2) . 384-394)

Perazzi F, Pont-Tuset J, McWilliams B, et al. A benchmark
dataset and evaluation methodology for video object segmen-
tation//Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. Las Vegas, USA, 2016.
724-732

Wang W, Song H, Zhao S, et al. Learning unsupervised video
object segmentation through visual attention//Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition. Long Beach, USA, 2019: 3064-3074
Papazoglou A, Ferrari V. Fast object segmentation in
unconstrained video//Proceedings of the IEEE International
Conference on Computer Vision. Sydney, Australia, 2013:
1777-1784

Wang W, Shen J, Porikli F. Saliency-aware geodesic video
object segmentation//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Boston, USA,
2015: 3395-3402

Ochs P, Malik J, Brox T. Segmentation of moving objects by
long term video analysis. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2013, 36(6); 1187-1200
Wang W, Shen J, Shao L. Video salient object detection via
fully convolutional networks. IEEE Transactions on Image
Processing, 2017, 27(1) . 38-49

LiG, Xie Y, Wei T, et al. Flow guided recurrent neural
encoder for video salient object detection//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
Salt Lake City, USA, 2018; 3243-3252

Wang Z, Xu J, Liu L, et al. RANet: Ranking attention
network for fast video object segmentation//Proceedings of
the TEEE/CVF International Conference on Computer Vision.
Long Beach, USA, 2019. 3978-3987

Lu X, Wang W, Ma C, et al. See more, know more: Unsu-
pervised video object segmentation with co-attention Siamese
networks//Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Long Beach, USA,

2019: 3623-3632

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

Yang Z, Wang Q, Bertinetto L, et al. Anchor diffusion for
unsupervised video object segmentation//Proceedings of the
2019 IEEE International Conference on Computer Vision.
Seoul, Korea, 2019 931-940

Zhen M, Li S, Zhou L, et al. Learning discriminative feature
with CRF for unsupervised video object segmentation//
Proceedings of the European Conference on Computer Vision.
Cham, Swiss: Springer, 2020; 445-462

Zhou T, LiJ, Wang S, et al. MATNet: Motion-attentive
transition network for zero-shot video object segmentation.
IEEE Transactions on Image Processing, 2020, 29. 8326-
8338

Yang S, Zhang L, Qi J, et al. Learning motion-appearance
co-attention for zero-shot video object segmentation//Proceedings
of the IEEE/CVF International Conference on Computer
Vision. Montreal, Canada, 2021: 1564-1573

Yang C, Lamdouar H, Lu E, et al. Self-supervised video
object segmentation by motion grouping//Proceedings of the
IEEE/CVF International Conference on Computer Vision.
Montreal, Canada, 2021; 7177-7188

Tokmakov P, Alahari K, Schmid C. Learning motion patterns
in videos//Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. Hawaii, USA, 2017. 3386-
3394

Keuper M, Andres B, Brox T. Motion trajectory segmentation
via minimum cost multicuts//Proceedings of the IEEE Inter-
national Conference on Computer Vision. Santiago, Chile,
2015; 3271-3279
Dai T, Cai J, Zhang Y., et al. Second-order attention
network for single image super-resolution//Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Long Beach, USA, 2019: 11065-11074

Wang W, Lu X, Shen J, et al. Zero-shot video object segmen-
tation via attentive graph neural networks//Proceedings of the
IEEE/CVF International Conference on Computer Vision.
Seoul, Korea, 2019. 9236-9245

Lu X, Wang W, Danelljan M, et al. Video object segmentation
with episodic graph memory networks//Proceedings of the
European Conference on Computer Vision. Glasgow, UK,
2020 661-679

Cheng J, Tsai Y H, Wang S, et al. SegFlow: Joint learning
for video object segmentation and optical flow//Proceedings
of the IEEE International Conference on Computer Vision.
Venice, Italy, 2017 686-695

Tokmakov P, Alahari K, Schmid C. Learning video object
segmentation with visual memory//Proceedings of the IEEE
International Conference on Computer Vision. Venice, Italy.
2017 4481-4490

Vaswani A, Shazeer N, Parmar N, et al. Attention is all you
need//Advances in Neural Information Processing Systems.

Long beach, USA, 2017 5998-6008



2346 it <A

2022 4

[25] Ramachandran P, Parmar N, Vaswani A, et al. Stand-alone
self-attention in vision models. arXiv preprint arXiv: 1906.
05909, 2019

[26] Chan W, Jaitly N, Le Q. Vinyals O. Listen, attend and
spell: A neural network for large vocabulary conversational
speech recognition//Proceedings of the IEEE International
Conference on Acoustics, Speech and Signal Processing
(ICASSP). Shanghai, China, 2016: 4960-4964

[27] Wang X, Girshick R, Gupta A, He K. Non-local neural
networks//Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. Salt Lake City, USA,
2018: 7794-7803

[28] HuJ, Shen L, Sun G. Squeeze-and-excitation networks//
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. Salt Lake City, USA, 2018. 7132-7141

[29] Chen H, Wu H, Zhao N, et al. Delving deep into many-to-
many attention for few-shot video object segmentation//
Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. 2021: 14040-14049

[30] LiP, Xie J, Wang Q, et al. Is second-order information
helpful for large-scale visual recognition//Proceedings of the
IEEE International Conference on Computer Vision. Venice,
Ttaly, 2017 2070-2078

[31] Wang L, Wang Y, Liang Z, et al. Learning parallax attention
for stereo image super-resolution//Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition.
Long Beach, USA, 2019. 12250-12259

[32] XuN, Yang L J, Fan Y C, et al. Youtube-VOS: Sequence-

to-sequence video object segmentation//Proceedings of the

FAN Jia-Qing. Ph.D. candidate.
His research interests focus on video

object segmentation.

Background

Video object segmentation refers to highlighting specific
target objects in a given video. This paper focuses on unsu-
pervised video object segmentation (UVOS), also known as
zero-shot video object segmentation (ZVOS). The UVOS
model can automatically segment the target as accurately as
possible in all other frames without the manual annotation in
the first frame, and at the same time, it is best to achieve
real-time processing and less memory usage.

Since temporal information must be transmitted from

European Conference on Computer Vision. Munich, Germany,
2018 585-601

[33] Song H, Wang W, Zhao S, et al. Pyramid dilated deeper
ConvLSTM for video salient object detection//Proceedings
of the European Conference on Computer Vision. Munich,
Germany, 2018 715-731

[34] Li S, Seybold B, Vorobyov A, et al. Unsupervised video
object segmentation with motion-based bilateral networks//
Proceedings of the European Conference on Computer Vision.
Munich, Germany, 2018: 207-223

[35] Zhang L, Zhang J. Lin Z, et al. Unsupervised video object
segmentation with joint hotspot tracking//Proceedings of the
European Conference on Computer Vision. Glasgow. UK,
2020 490-506

[36] Ji G, FuK, WuZ, etal. Full-duplex strategy for video object
segmentation//Proceedings of the IEEE/CVF International
Conference on Computer Vision. Montreal, Canada, 2021
4922-4933

[37] Wang W, Shen J, Shao L. Consistent video saliency using
local gradient flow optimization and global refinement. IEEE
Transactions on Image Processing, 2015, 24(11): 4185-4196

[38] Hou Q, Cheng M M, Hu X, et al. Deeply supervised salient
object detection with short connections//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
Hawaii, USA, 2017. 3203-3212

[39] Ren S, Han C, Yang X, et al. TENet: Triple excitation
network for video salient object detection//Proceedings of the
European Conference on Computer Vision. Edinburgh, Scotland,

2020 212-228

SU Tian-Kang. M. S. candidate. His research interests
focus on video object segmentation.

ZHANG Kai-Hua, Ph.D., professor. His research
interests include computer vision and image processing.

LIU Qing-Shan, Ph. D. , professor. His research interests

include computer vision and pattern recognition.

front to back among video frames, how to effectively mine
and transmit the spatio-temporal features of video frames has
become a research hotspot in UVOS. Current mainstream
UVOS methods use dual-stream network, memory bank,
spatio-temporal attention mechanism or 3D convolution to
depict spatio-temporal correlations among video sequences.
Although previous UVOS methods have made great progress
in performance, there are still some shortcomings, such as:

(1) some optical flow models used by UVOS methods need to
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be trained with a large number of external data sets, and this
borrowed optical flow model has a great impact on the accuracy
of the final video segmentation; (2) The computation cost of
online optical flow model is high, which affects the real-time
performance of online UVOS; (3) Extracting temporal
information of multiple frames by memory unit will occupy a
lot of computing resources and memory usage; (4) Some
methods based on spatial and temporal attention mechanism
can not fully capture temporal information due to the interference
between spatial and temporal cues; (5) The traditional W * H
two-dimensional attention mechanism has some problems
such as complicated structure and large computation.

To relieve the above problems, this paper proposes a UVOS
method based on parallel multi-directional attention, which
aims to obtain a more powerful spatio-temporal representation
of target by improving the feature propagation capability
between video frames. Specifically, two novel modules are
designed to enhance the spatial and temporal representation of
objects respectively. For coherent frames, a parallel temporal

modulation module is proposed to capture the temporal

continuity of the current frame and the previous frame, so
that the current frame has a more stable spatio-temporal
representation. For the current frame, a multi-direction
attention module along the horizontal, vertical and channel
directions is designed to extract the attention diagram respec-
tively. The difference between the proposed method and other
methods is that the training of our method is not dependent
on external optical flow model, and the direct use of parallel
time-series model to complement the current frame. In
addition, it also puts forward more efficient multi-directional
attention mechanism instead of the traditional two-dimensional
attention mechanism, greatly reducing the computation of
attention. Experimental results on mainstream data sets
verify the effectiveness of the proposed method.
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