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Algorithm 1 Pseudocode of SVF in Python style

# Input: ConvZd with weight matrix W, Input feature X

A K X K conv layer corresponds # Output: Output feature Y
to three successive layers: o B
. . # Previous 3x onv :
« aR X Ci X K X K convolution layer, # Y = F.Conv2d(W, X, kernel=(3,3))

» a scaling layer,

e aCo X R X 1 X 1 convolution layer BE

U, S, V = svd(W) # decompose weights by SVD

U.requires_grad = False # freeze Conv_U
V.requires_grad = False # freeze Conv_V

Y = F.Conv2d(V, X, kernel=(3,3)) # a new 3x3 conv
Y = Y.mul(S) # reconstruct a new affine layer
Y = F.Conv2d(U, Y, kernel=(1,1)) # a new 1x1 conv
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* Discussion on Why SVF Works
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Figure 6: Statistics chart about the changes of initial
Top-30 largest singular values of the last 1 x 1 and
3 x 3 convolution layer in layer3 after fine-tuning.
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Figure 4: The visualization of segmentation cues with the largest variation in singular values from
the last 3 x 3 convolution in layer 3. (a) represents segmentation clues of subspace U with the largest
singular value reduction, (b) represents segmentation clues of subspace U with the largest singular

value growth.
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Table 1: Performance on Pascal-5°[33]] in terms of mIoU for 1-shot and 5-shot segmentation. The
best mean results are show in bold. T indicates that images from training set containing the novel
class on test set were removed.

Method backbone e i
Fold-0 Fold-1 Fold-2 Fold-3 Mean Fold-0 Fold-1 Fold-2 Fold-3 Mean

baseline’ 5748 66.72 62.66 53.72 60.15 6298 7057 68.62 59.60 65.44
baseline’ +SVF 63.07 6840 65.81 5428 6289574 | 6852 7215 69.08 6359 68345 g0

" PFENet' [39] | — [ 6191 7034 6377 5738 6335 | 6773 7282 6931 6759 6936
PFENet +SVF 6343 7140 64.18 5830 6433 .9s) | 6911 7367 69.13 6730 69.80( ¢ 44)
BAM' [16] 63.18 70.77 66.14 57.53 64.41 67.36 73.05 70.61 64.00 68.76
BAM'+SVF 64.09 7107 6679 57.54 64.87 .4 | 6775 7411 70.99 6357 6911, 35
baseline’ 65.60 7028 64.12 60.27 65.07 69.89 7416 67.87 65.73 69.41
baseline' +SVF 6742 7157 6799 61.57 6714, 207) | 7037 7506 71.08 69.16 7142, 01)
baseline 66.36 6922 5764 58.73 62.99 70.75 7292 58.86 65.56 67.02
baseline + SVF 66.88 70.84 6233 60.63 651755y | 7149 7404 5938 6743 68.09 . o7

" PFENet' [39] | [ 66.61 7255 6533 6091 6635 | 7093 7532 69.60 6896 7120
PFENet +SVF ResNetS0 69.27 7355 6749 6230 68.15(,1.80) | 71.82 7492 70.97 6958 7182 ¢.62)
PFENet 67.06 71.61 53.21 59.46 63.34 72,11 73.67 61.61 67.50 68.72
PFENet + SVF 6831 7199 5625 61.82 6459125 | 7209 7399 6358 70.03 69.92(; 20

"BAM' [[6] | [ 6897 7359 6755 61.13 6781 | 7059 7505 7079 6720 7091
BAM'+SVF 69.38 7451 68.80 63.09 6895 14) | 7205 76.17 7197 6891 72.28(., 37)
BAM 68.37 7205 5755 60.38 64.59 70.72 7421 63.58 66.18 68.67
BAM + SVF 68.17 7286 57.77 62.04 6521, g2y | 7230 7443 65.16 6943 T0.33( g6
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Table 2: Performance on COCO-20" [27]] in terms of mIoU for 1-shot and 5-shot segmentation. The
best mean results are show in bold. " indicates that images from training set containing the novel
class on test set were removed.

Method Backbone i =i
Fold-0 Fold-1 Fold-2 Fold-3 Mean Fold-0 Fold-1 Fold-2 Fold-3 Mean
baseline 3756 37.73 38.78 35.66 37.43 43.07 4942 4438 46.38 45.81
baseline’ +SVF 3932 39.64 38.63 3545 38.26(,(.g3) | 4648 5072 4579 4563 47.16( . 35
 PFENet [39] | 3540 3810 3680 3470 3630 | 3820 4250 41.80 3890 4040
PFENet" VGG-16 | 41.03 4422 4374 3890 41.97 48.66 4826 4549 51.02 48.36
PFENet'+SVF 42.68 4490 4260 3879 4224 o7y | 49.02 5371 4759 4763 4949, 13
"BAM' [16] | [ 3896 47.04 4641 4157 4350 | 47.02 5262 4859 49.11 = 4934
BAM' +SVF 4021 46.62 4623 4197 43.76(,.0.26) | 45.05 5359 4835 4928 49.07_ .-
baseline’ 3891 46.07 42,67 39.71 41.84 50.35 56.78 49.61 50.96 51.93
baseline’ +SV 4422 4638 4265 41.65 43.72,, gg) | 51.47 5748 5033 5229 52.89(.; 93)
R— | 4493 5032 4468 4426 4605 | 5229 5934 5150 53.53 5417
46.88 50.86 47.69 46.64 48.02 . g7) | 52.72 58.14 5252 5415 5438 .01
| 4341 5059 4749 4342 4623 | 4926 5420 5163 4955 5116
BAM' +SVF 46.87 53.80 4843 4478 4847 5 04y | 5225 5783 5197 5341 5387271




I 01 Singular Value Fine-tuning: Few-shot Segmentation requires Few-
parameters Fine-tuning

Table 4: Ablation study of BN on Pascal-5" un- Table 5: Comparative experiment with Table 6: Comparative experiment with fine-tuning
der 1-shot setting. v represents fine-tuning this fine-tuning different layer of backbone different convolutional layer of backbone on
feature space. The best mean results are show in on Pascal-5". Pascal-5".
bold. Method layer Mean Method layer |3 x3 1x1 Mean
Method [ BN S Mean baseline’ - 65.07 baseline’ - - - 65.07
_ _ 6507 +fully fine-tune | 1,2,3,4 | 60.90, _, |- —
> YT 23.4 | 6115, . o 2:3:; 4| « v |61.15_3.9
baseline! v v 64‘20 L +part fine-tune | 3.4 | 61.08, ., ., +part fine-tune | 2,3,4 | 61.86(—3.21
S, b 4 60.58(—4.49 2,3,4 v | 61.62(_3 4
v 67.14(+2.U?) +SVF 2,3,4 | 67145 o7y +SVF 2.3 4 _ . 67.14(_,_2.(;7)

Table 7:, Ablation study of SVF ﬁl}e' Table 8: Ablation study of SVF fine-tuning different
tuning different subspace on Pascal-5". layer on Pascal-5*. The best results are show in bold.

Method u S Vv Mean
F 61.09 Method layer Mean
v 67.14 4 6621

v | 60.88
baseline’ [ v | v 6157 _ 3,4 67.20
S v | v | 6042 baseline! + SVF 2,3,4 67.14
v v 60.02 i 2, 3, 4 | 6712

v v v 61.24
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