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’ Few-shot Semantic Segmentation
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Update Node (and edge) with Neural Networks
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Note: both Edges and Nodes are updated in each iteration
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’ ConvGRU

reset gate
2, = o(WLsx; +U*h;_y),
ri = J(Wf * x‘i + Ui_ * hi_l),
h! = tanh(W!sx! + U=l ohl_)),
> b = (1-z)hj, +2h,

z : update gate
r: reset gate
h : hidden state
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[1]Nicolas Ballas, Li Yao, Chris Pal, and Aaron Courville. Delving deeper into convolutional networks for learning
video representations. In arXiv:1511.06432, 2015. 5
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! Experiment

mean-loU (1-shot) FB-loU mean-loU (5-shot) FB-loU
Fold-0 Fold-1 Fold-2 Fold-3 Mean | (1-shot) | Fold-0 Fold-1 Fold-2 Fold-3 Mean | (5-shot)
[27] VGG-16 33.6 55.3 40.9 33.5 40.8 61.3 35.9 58.1 42.7 39.1 439 61.5
[24] VGG-16 31.7 50.6 44.9 32.4 41.1 60.1 37.5 50.0 44,1 339 41.4 60.2
[25] VGG-16 41.9 50.2 46.7 34.7 434 62.2 41.8 55.5 50.3 39.9 46.9 63.8
[48] VGG-16 40.2 58.4 48.4 38.4 46.3 63.1 41.9 58.6 48.6 394 47.1 65.9
PANet (ICCV™19) [34] VGG-16 42.3 58.0 51.1 41.2 48.1 66.5 51.8 64.6 59.8 46.5 55.7 70.7
CANet (CVPR’'19) [47] | ResNet-50 52.5 65.9 51.3 51.9 554 66.2 55.5 67.8 51.9 53.2 57.1 69.6
PGNet (ICCV'19) [46] | ResNet-50 56.0 66.9 50.6 50.4 56.0 69.9 57.7 68.7 52.9 54.6 58.5 70.5

[22]

[41]

[20]

[33]

[31]

[42]

Methods | Backbone

OSLSM (BMVC'17) [2
co-FCN (ICLRW’18) [

AMP (ICCV’19) 2
SG-One (TCYB’19)

=

L =

FWB (ICCV’19) [22] | ResNet-101 | 51.3 645 567 522 562 - 548 674 622 553 599 -
PMMs (ECCV’20) ResNet-50 | 520 675 515 498 552 - 550 682 529 511 568 -
PPNet (ECCV’20) [2
DAN (ECCV’20) [3*
PFENet (TPAMI’20)

ResNet-50 47.8 58.8 53.8 45.6 51.5 - 58.4 67.8 64.9 56.7 62.0 -
ResNet-101 54.7 68.6 57.8 51.6 58.2 71.9 579 69.0 60.1 54.9 60.5 72.3
31 ResNet-50 61.7 69.5 554 56.3 60.8 73.3 63.1 70.7 55.8 57.9 61.9 73.9
BriNet (BMVC’20) ResNet-50 56.5 67.2 51.6 53.0 57.1 - - - - - - -
SimPropNet (JCAI'20) [10] | ResNet-50 54.9 67.3 54.5 52.0 57.2 73.0 57.2 68.5 58.4 56.1 60.0 72.9
Baseline | ResNet-50 62.1 68.2 55.3 53.8 59.9 71.7 63.3 68.7 55.1 55.3 60.6 71.8

SAGNN | ResNet-50 64.7 69.6 57.0 57.2 62.1 73.2 64.9 70.0 57.0 59.3 62.8 73.3

ASGNet (ours) | 539.84 6743 5559 5439 5931 | 6455 7132 o64.24 5733 ﬁ43ﬁ| 5ﬂ5| *ResNet101

e — - [R——— - - —— - ——— -

ours- S'CL {PFENE[] remetSD 63.0 70.0 565 577 ﬁl.ﬁ | 645 70.9 5?3 SBT ﬁ29




! Experiment

mean-loU
Backbone 1-shot 5-shot
VGG-16 58.4 59.3
ResNet-50 62.1 62.8
ResNet-101 60.8 61.5
Table 3. Effects of backbones.
5-shot testing mean-loU FB-IoU
I-shot baseline 62.1 73.2
Feature-Avg 62.8 73.3
Mask-Avg 62.5 72.4
Mask-OR 61.8 72.0

Table 4. Feature fusion under 5-shot setting.

Setting mean-loU
[ V] T 1-shot 5-shot
1 1 n.a. n.a.
2 1 61.0 61.7
3 1 62.1 62.8
4 1 61.0 61.9
3 1 62.1 62.8
3 2 62.4 62.9
3 3 62.1 62.5

Table 5. Effects of |V| and T

mean-loU
Models 1-shot J-shot
SAGNN w SC 61.2 62.7
SAGNN w Ol 61.1 62.4
Full SAGNN 62.1 62.8

Table 6. Effects of self-node

collaboration.
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5. mean-IoUs under different auxiliary loss coefficients o



