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In the supplemenatry file, we provide more details of the proposed graph memory
network. We further report additional material including detailed experiment results.
Specifically,

— in §1, we present more implementation details of the proposed graph memory net-
work, including its overall structure and the memory module.

— in §2, we provide quantitative experimental results on one-shot video object seg-
mentation (O-VOS) setting (i.e., DAVIS 7 val set [7] and Youtube-VOS [15]).

— in §3, we provide quantitative experimental results on zero-shot video object seg-

mentation (Z-VOS) setting (i.e., DAVIS 4 val set [6] and Youtube-objects dataset [8]).

— in §4, we report more visualization results.

1 More Implementation Details of Graph Memory Network

Here, we present more details of the proposed graph memory network which consist
the encoder-decoder segmentation network and the episodic memory network.
Segmentation network. The segmentation network is built based on Encoder-Decoder
architecture. Among them, the encoder is initialized of pre-trained ResNet50 [2] on
ImageNet. The input tensor of encoder is 4-channel by implanting additional single
channel fiters at the first convolution layer. The first three channels are used for RGB
input and the last channel is for mask input. During the pre-training on the syhthesis
videos from the static images, the input frame size is 384 x 384. The feature map size
of the fourth block of encoder is 24 x 24 x 512. During the main training on the video,
the input frame size is 384 x 640, the corresponding feature map size is 24 x40x512. As
shown in Fig. 1, similar to RGMP [14], the decoder is consists of three blocks that each
block contains a refinement module. To efficiently merge features in different scales,
we employ the refinement module to take both the previous block feature as well as the
features from the encoder with same scale as input. Each refinement module produces
a feature map with 256 channels and the last one produces a two-channel mask map.
Episodic Graph memory module. Graph memory is a fully connected graph structure
G = (V,€) where each node v; € V is represented by a feature map m¥ from the
encoder. k means the k-th step in the episodic graph memory. The edge function e; ; €
& which is used for message passing is implemented by a matrix inner-product:

€i; = fs(mf7m?) = softma:r:(me-m?), (1

where so ftmaz denotes the softmax normalization.
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Fig. 1: The detailed architecture of decoder in our graph memory network. The refine-
ment module takes two features as input. One feature comes from the previous block
(solid line), another feature comes from encoder layer with skip connection (dashed
line).

2 Additional Quantitative Results of O-VOS

DAVIS; 7 Dataset. We maily compare our method with representative O-VOS methods
including OSMN [16], OSVOS [1], RVOS [12], RGMP [14], AGAME [3] and STM [5].
Table 1 reports the per-sequence evaluation results in terms of region similarity J and
boundary accuracy F.

3 Additional Quantitative Results of Z-VOS

DAVIS ;¢ Dataset. We compare our MuG with representative Z-VOS methods includ-
ing PDB [10], MotAdapt [9], LSMO [11], AGS [13], COSNet [4], and AnDiff [17].

Table 2 gives per-sequence evaluation in terms of region similarity 7 and boundary
accuracy JF. As shown in Table 2, our model outperforms previous methods across the
vast majority of sequences and on average.

4 Additional Qualitative Results

In this section, we present a qualitative evaluation of the proposed graph memory net-
work on the sequences of O-VOS datasets: DAVIS;7 [7], Youtube-VOS [15] and Z-VOS
datasets: DAVIS;4 [6], Youtube-objects [8]. Specifically, Fig. 2 shows the visualization
results of O-VOS while Fig. 3 shows the visualization results of Z-VOS.
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OSMN [16] OSVOS [1] RVOS [12] RGMP [14] AGAME [3] STM [5]  Ours
Jt Ft Jt Ft__JtFt gt Ft Jt Ft Jt Ft It Ft
bike-packing 51.5 488 62.1 70.0 555 585 48.6 56.6 69.2 742 79.8 852 80.7 86.6
blackswan 89.9 927 943 974 939 96.596.0 98.6 79.0 80.1 96.2 99.8 96.2 99.7
bmx-tress 43.0 66.0 47.6 73.0 30.8 56.8 444 65.6 434 662 58.0 88.6 59.1 89.2
breakdance 71.1 682 727 75.6 422 455592 63.1 57.8 640 89.791.5 89.5 91.2
camel 88.4 922 859 89.1 733 80.0 747 854 83.0 879 96.4 98.5 96.2 98.3
car-roundabout  ||93.4 92.0 89.0 82.7 92.6 87.2 950 904 975 96.2 982 97.1 98.6 97.2
car-shadow 90.5 922 928 91.7 933 98.8 963 99.7 959 994 96.8 99.7 96.8 99.7

Dataset Video

cow 87.2 86.5 952 957 912 925937 93.0 939 963 95.5 98.0 95.8 98.7
dance-twirl 758 729 64.1 71.6 623 61.583.8 825 849 86.5 86.2 87.0 86.3 87.4
dog 87.7 84.6 71.1 69.1 933 94.6 955 962 945 97.6 952 98.2 959 98.2

DAVIS1 dogs-jump 38.8 452 58.8 685 69.5 694 684 62.8 855 90.1 89.8 88.5 92.1 96.6
drift-chicane 49 84 774 829 570 67.6 795 794 822 92.0 90.3 98.5 92.4 97.5
drift-straight 66.4 57.7 66.5 70.7 894 854 913 86.7 92.5 89.8 94.5 952 93.6 94.2

goat 804 747 869 87.6 844 832864 851 884 89.0 90.7 93.7 91.0 94.0
gold-fish 50.3 49.5 53.7 56.6 60.6 62.569.2 699 587 623 74.8 70.1 84.8 86.6
horsejump-high |/39.5 49.5 70.0 83.7 29.2 40.0 785 91.1 725 87.8 84.0 97.0 84.1 97.0
india 59.4 55.1 28.8 31.5 345 43.641.1 37.0 551 584 80.7 79.4 81.2 79.6
judo 46.0 522 44.1 55.0 743 625640 764 67.6 743 869 89.6 87.4 90.0
kite-surf 23.6 463 43.1 61.1 27.7 494 32.0 41.8 41.8 494 54.1 73.8 544 73.8
lab-coat 413 381 21.1 29.0 634 48.0 51.3 77.2 533 663 56.7 56.1 59.3 56.5
libby 4477 63.6 623 75.1 565 754439 50.7 858 963 90.2 98.4 90.1 98.2
loading 60.4 662 57.8 59.3 563 57.1 60.1 624 78.6 788 89.591.8 89.8 91.8

mbike-trick 725 76.6 64.7 72.1 353 574 69.6 70.5 67.7 73.6 81.3 84.0 81.6 84.7
motorcross-jump |[39.4 39.0 57.9 56.8 73.7 754 33.0 319 722 69.1 87.8 84.0 88.0 87.3
paragliding-launch||38.0 58.1 47.8 67.9 29.0 34.7 423 484 384 49.6 53.1 68.5 53.7 68.0

parkour 86.2 932 773 741 875 904 91.8 953 929 969 945 97.6 944 97.4
pigs 64.4 63.7 527 585 76.5 764 673 680 63.1 657 83.3 85.8 83.4 86.1
scooter-black  ||62.2 63.2 38.4 50.5 37.8 43.6 45.6 56.4 50.8 634 842 89.9 84.1 92.1
shooting 423 537 613 657 46.6 552 61.6 655 575 67.6 684 70.6 68.3 70.3
soapbox 458 503 447 585 489 56.770.6 745 66.5 746 72.571.7 72.4 81.0
Average 52.5 57.1 56.7 639 68.5 736705 747 68.5 73.6 79.5 84.5 80.0 85.9

Table 1: Evaluation of O-VOS on DAVIS 7 val set [7], with the region similarity J
and boundary accuracy F. For both two measure metrics, higher values are better.



4 X. Lu, W. Wang, M. Danelljan, T. Zhou, J. Shen, L. Van Gool

PDB [10] MotAdapt [9] LSMO [11] AGS[13] COSNet[4] AnDiff [17] Ours
Jr Ft gt Ft gt Ft Jt Ft Jr Ft Jr Ft Jt Ft
Blackswan || 90.8 932 939 91.9 929 939 944 96.7 88.0 89.9 944 962 945 95.5
Bmx-Trees || 49.9 61.3 462 458 499 66.8 514 664 465 633 566 77.1 502 67.1
Breakdance || 59.0 55.1 352 362 459 43.6 60.7 58.1 683 638 419 356 73.1 715
Camel 824 847 846 829 83.6 894 857 851 894 90.8 89.6 919 90.5 90.6
Car-R-about || 85.9 79.7 87.1 67.8 859 793 949 91.7 947 927 943 90.7 95.1 98.1
Car-Shadow || 91.8 92.8 759 949 88.0 858 918 955 935 97.7 958 98.7 957 983
Cows 91.8 90.2 975 944 909 900 922 937 914 93.6 947 963 91.8 93.0
Dance-Twirl || 65.8 60.3 68.1 67.0 83.1 81.7 787 762 777 772 71.6 69.3 799 79.8

Dog 924 91.1 960 939 929 945 935 934 937 955 956 97.6 929 938
Drift-Chicane || 60.7 654 851 700 69.6 79.1 699 77.1 77.7 77.1 71.1 804 825 913
DAVIS, ¢ Drift-Straight || 86.8 79.9 909 90.0 82.6 67.0 90.0 88.6 93.7 955 90.7 87.1 914 893
Goat 837 80.8 88.4 883 844 823 847 828 705 788 888 904 847 818
Horsejump-H|| 85.7 91.6 939 878 862 92.6 734 749 91.7 935 885 953 849 909
Kite-Surf || 67.4 49.8 524 689 503 454 68.7 493 675 551 67.6 525 66.7 53.0
Libby 73.1 82.6 933 833 78.0 873 665 78.1 689 81.9 859 951 756 842
Motocross-J || 85.4 74.1 77.5 85.1 823 709 818 69.0 825 725 86.7 792 723 66.6
Paragliding-L || 63.5 232 285 64.1 633 232 63.1 21.6 612 199 634 235 63.1 218
Parkour 90.1 929 93.6 90.6 892 934 90.8 937 87.7 92.1 933 963 915 93.6
Scooter-Black|| 68.5 63.1 58.8 537 709 65.1 75.1 66.1 838 756 81.2 73.6 858 79.1
Soapbox 734 730 762 716 88.1 875 762 758 873 867 825 82.6 89.6 863
Average 712 774 772 745 782 759 79.7 773 805 795 81.7 804 825 81.2

Table 2: Evaluation of object-level Z-VOS on DAVIS4 val set [6], with region sim-
ilarity J and boundary accuracy JF. For both two measure metrics, higher values are
better.

Dataset Video

DAVIS-2017

Youtube-VOS

g
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Fig. 2: Qualitative results on O-VOS datasets. From top to bottom are bikepacking, dog-
jump, india from DAVIS;7 and 0788b4033d, 2caa2b45c7, 03deb7ad95 from Youtube-
VOS.
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DAVIS-2016

Youtube-Objects
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Fig. 3: Qualitative results on Z-VOS datasets. From top to bottom are breakdance, car-
roundabout, scooter from DAVIS;¢ and bird, dog, motorbike from Youtube-objects.
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