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pare to the top-k guided memory matching module at the
res3 stage, we reduce the number of k to k/4. We also
take the reduced channel dimensions of key and value, ex-
cept for the query value.

Detailed implementation of decoder. We follow the de-
coder architecture of STM [24], and a detailed implemen-
tation is provided in Fig. 2. Note that, in the refinement
modules of STM [24], the skip-connected features (Zs, Z2)
are encoded via convolutional layers before fed to residual
block. We replace the convolutional layers with value em-
bedding layers in top-k guided memory matching modules.

2. More Quantitative Results

Tables 1, 2, and 3 provide full comparisons on DAVIS
2016 val, 2017 val, and 2017 test-dev sets, respectively. As
shown in the tables, recent offline-learning methods such
as KMN [27], CFBI [33], LWL [2], and STM [24] sur-
passed online-learning methods such as PReMVOS [20],
RaNet [30], e-OSVOS [22], and DyeNet [14] by addition-
ally using YouTube-VOS [31] training data. However, we
surpass all online-learning methods, which need additional
run-time for fine-tuning during inference, even if we do
not use additional YouTube-VOS training data. Therefore,
the superiority of our HMMN has not relied on additional
YouTube-VOS training data.

3. More Qualitative Results

We show more qualitative results on DAVIS [25] in
Fig. 3 and results on YouTube-VOS [31] in Figs. 4 and 5. In
the figures, we additionally show the results of STM! [24],

*Corresponding author.
Iresults are taken from https://github.com/seoungwugoh/
STM.
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Figure 1. A detailed implementation of the top-k guided memory

matching module at the res2 stage. Memory and query dimen-
sions are indicated using blue and red.
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KMN? [27], and CFBI® [33]. Sine some frames are omit-
ted in the figures, we further provide a comparison video:
https://youtu.be/zSofRzPImQY.
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Figure 2. A detailed implementation of decoder. We notated the output scale and channel dimension next to each block in the decoder.

Method OL J&F J F Time Method OL J&F J F
OSVOS [3] v 80.2 79.8  80.6 9s OSVOS [3] v 60.3 56.6 639
MaskRNN [9] v 80.8 80.7  80.9 - VidMatch [10] 62.4 56.5 68.2
VidMatch [10] - 81.0 - 0.32s MaskRNN [9] v - 60.5 -
FAVOS [5] 81.0 824 795 1.8s RaNet [30] 65.7 63.2 682
LSE [6] v 81.6 829 803 - AGSS-VOS [17] 66.6 634 69.8
FEELVOS [28] 81.7 80.3 83.1 045s RGMP [23] 66.7 64.8 68.6
FEELVOS (+YV) [28] 81.7 81.1 822 045s DTN [35] 67.4 642  70.6
FRTM [26] v 81.7 - - 0.05s AGSS-VOS (+YV) [17] 67.4 649 699
RGMP [23] 81.8 81.5 82.0 0.13s OnAVOS [29] v 67.9 645 712
A-GAME (+YV) [12] - 82.0 - 0.07s 0SVOS?® [21] v 68.0 647 713
SAT [4] 83.1 82.6 83.6 0.03s DIPNet [8] v 68.5 653 71.6
FRTM (+YV) [20] v 83.5 - - 0.05s FRTM [26] v 68.8 - -
DTN [35] 83.6 83.7 835 0.07s FEELVOS [28] 69.1 659 723
CINN [1] v 84.2 834 850 >30s DyeNet [14] 69.1 673 71.0
DyeNet [14] - 84.7 - 0.42s A-GAME (+YV) [12] 70.0 672 727
RaNet [30] 85.5 85,5 854 0.03s CINN [1] v 70.7 672 742
OnAVOS [29] v 85.5 86.1  84.9 13s DMM-Net [34] 70.7 68.1 733
STG-Net [18] 85.7 854 86.0 0.16s GC[15] 71.4 69.3 735
0SVOS? [21] v 86.0 85.6 864 4.5s STM [24] 71.6 69.2 74.0
DIPNet [8] v 86.1 85.8 864 1.09s FEELVOS (+YV) [28] 72.0 69.1 74.0
CFBI [33] 86.1 853 869 0.18s SAT [4] 72.3 68.6 76.0
STM [24] 86.5 84.8 88.1 0.16s TVOS [36] 72.3 69.9 747
PReMVOS [20] v 86.8 849 88.6 328s LWL [2] 74.3 722 763
e-OSVOS [22] v 86.8 86.6 87.0 3.4s AFB+URR [16] 74.6 73.0 76.1
DyeNet [14] v - 86.2 - 2.32s STG-Net [18] 74.7 715 779
RaNet [30] v 87.1 86.6 87.6 4s CFBI [33] 74.9 721 777
KMN [27] 87.6 87.1 88.1 0.12s DTTM-TAN [11] 75.9 723 794
STM (+YV) [24] 89.3 88.7 899 0.16s KMN [27] 76.0 742 778
CFBI (+YV) [33] 89.4 88.3 905 0.18s FRTM (+YV) [26] v 76.7 - -
KMN (+YV) [27] 90.5 89.5 915 0.12s e-OSVOS [22] v 77.2 744 80.0
HMMN 89.4 88.2 90.6 0.10s PReMVOS [20] v 778 739 817
HMMN (+YV) 90.8 89.6 92.0 0.10s LWL (+YV) [2] 81.6 1 84l
. . . : STM (+YV) [24] 81.8 79.2 843
CFBI (+YV) [33] 81.9 79.1 84.6
Table 1. Full comparison on DAVIS 2016 validation set. (+YV) EGMN (+YV) [19] 828 802 852
indicates YouTube-VOS is additionally used for training, and OL KMN (+YV) [27] 82.8 80.0 85.6
denotes the use of online-learning strategies during test-time. Time HMMN 804 777 831
measurements reported in this table are directly from the corre- HMMN (+YV) 84.7 819 875
sponding papers.

Table 2. Full comparison on DAVIS 2017 validation set.
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Figure 3. More qualitative results on DAVIS 2017 validation and test-dev sets. We marked significant improvements from STM [24], KMN
[27], and CFBI [33] using red boxes.
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Figure 4. More qualitative results on YouTube-VOS 2019 validation set.
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Figure 5. More qualitative results on YouTube-VOS 2019 validation set.
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Method OL J&F J F

OSMN [32] 39.3 337 449
FAVOS [5] 43.6 429 442
OSVOS [3] v 50.9 47.0 548
CapsuleVOS [7] 51.3 474 552
OnAVOS [29] v 52.8 499 55.7
RGMP [23] 52.9 51.3 544
RaNet [30] 534 553 572
0Svos® [21] v 57.5 529 62.1
FEELVOS (+YV) [28] 57.8 55.1 604
TVOS [36] 63.1 588 674
STG-Net [18] 63.1 59.7  66.5
e-OSVOS [22] v 64.8 609 68.6
DTTM-TAN [11] 65.4 61.3 703
Lucid [13] v 66.7 634 699
CINN [1] v 67.5 64.5 70.5
DyeNet [14] v 68.2 65.8 705
PReMVOS [20] v 71.6 67.5 757
STM (+YV) [24] 72.2 69.3 752
CFBI (+YV) [33] 74.8 71.1 78.5
KMN (+YV) [27] 77.2 74.1 80.3
HMMN (+YV) 78.6 74.7 825

Table 3. Full comparison on DAVIS 2017 test-dev set.
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