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« Knockoffs Pruning for Segmentation Model

CAU AutoML LAB 2



Knockoffs Pruning for Segmentation Model

Knockoff Generate Model: Generative Adversarial Network (GAN) (Goodfellow, lan,
et al., 2014)

Loss function: KnockoffGAN (Jordon et al., 2018)
Two Dataset in SCOP: CIFAR-10, ImageNet
SCOP vs Ouirs:
Image Classification
VS
Image Segmentation

(a) Real data and features (b) Knockoff data and features
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Table . Metrics with 95% confidence interval of four Images (¥ /A indicates that the corresponding method is
significantly worse/better than U-Net model based on paired t-test at 5% significance level).

U-Net Attention U-Net Hard-Net
) 95% CI 95% CI 95% CI
View Target Test Lower p-value Test Lower p-value Test Lower p-value
Dice P Dice P Dice P
Upper Upper Upper
0.985 0.983 0.979 0.00019
= 0.983 0.981 0.02842| 0.978
0.982 0.98 0.978 (** W)
0.947 0.946 0.918 0.00000
INENPZ. 0.942 0.941 0.30093| 0.913
Axial 3 © 0.938 0.936 0.908 (** W)
(= &) 0.944 0.942 0.905 0.00000
LHA 2| 0.938 ' 0.937 ' 0.20520| 0.900 ' '**
ag 0.932 0.931 0.895 (** W)
0.929 0918 0.00668 0.868 0.00000
QA2 0.923 0.913 0.862
0.917 0908  (rw) 0.856  (x+w)

Cl, confidence interval; *: p-value < 0.01; **:
CAU AutoML LAB

p-value < 0.001
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Table . Metrics with 95% confidence interval of four Images (¥ /A indicates that the corresponding method is
significantly worse/better than U-Net model based on paired t-test at 5% significance level).

U-Net Attention U-Net Hard-Net
. 95% ClI 95% ClI 95% CI
View Target Test Lower p-value Test Lower p-value Test Lower p-value
Dice P Dice P Dice P
Upper Upper Upper
L 0.989 0.989 0.982 0.00003
e 0.988 0.986 0.986 0.984 0.33892 | 0.982 0.982 (**v)
: 0.727 0.705 0.572 0.00884
Axial 1 Al A
_X;g‘oF NEPZ 0.660 g3 0.655 gpg 0.88235| 0551  (c3 ry
A1 o2 2
0.939 0.937 0.898 0.00000
=T |
CHEF 3mm) . WAZ] 0932 oo 0930 gp3 027554| 0.890  ga> )
=
0.965 0.955 0.898 0.00000
QA | 0.959 0.948 0.01759 | 0.894
0.953 0.942 0.889 (**w)

Cl, confidence interval; *: p-value < 0.01; **: p-value < 0.001
CAU AutoML LAB




M HIE] 0] 8 H| i

Mg 23t

Table . Metrics with 95% confidence interval of four Images (¥ /A indicates that the corresponding method is
significantly worse/better than U-Net model based on paired t-test at 5% significance level).

U-Net Attention U-Net Hard-Net
) 95% CI 95% ClI 95% CI
View Target Test Lower p-value lest Lower p-value Test Lower p-value
Dice P Dice P Dice P
Upper Upper Upper
0.987 0.984 0.00918 0.979 0.00004
i 0.985 0.979 0.978
0.983 0975  (rw) 0977  (xxw)
: 0.487 0.523 0.371 0.00155
Axial Al 4
_%_X'%a%fw A AE 0.430 0.374 0.461 0.399 0.29713| 0.343 0.314 (w)
N
0.644 0.610 0.561 0.00269
=F 3mm) HWAT| 0596 ¢y 0574 539 0.19579| 0532 g3
0.791 0.737 0.470 0.00000
QA 0745 509 0656 oc74 007860| 0431  3q, o)

Cl, confidence interval; *: p-value < 0.01; **:
CAU AutoML LAB

p-value < 0.001
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Table . Metrics with 95% confidence interval of four Images (¥ /A indicates that the corresponding method is
significantly worse/better than U-Net model based on paired t-test at 5% significance level).

U-Net Attention U-Net Hard-Net
. 95% CI 95% ClI 95% CI
View Target Test Lower p-value lest Lower p-value Test Lower p-value
Dice P Dice P Dice P
Upper Upper Upper
P 0.896 0.893 0.868 0.00002
== THL| 0.890 0.883 0.885 0.878 0.08061| 0.861 0.855 (** )
Axial 6
(=8 =
L7t 718
2 HO|&=
= LY Eay

Cl, confidence interval; *: p-value < 0.01; **: p-value < 0.001
CAU AutoML LAB
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Table . Metrics with 95% confidence interval of four Images (¥ /A indicates that the corresponding method is
significantly worse/better than U-Net model based on paired t-test at 5% significance level).

U-Net Attention U-Net Hard-Net
. 95% CI 95% CI 95% CI
View Target Test Lower -value Test Lower -value Test Lower -value
Dice P Dice P Dice P
Upper Upper Upper
0.943 0.942 0.893 0.00000
Al Al A
| 418 0.935 0928 0.935 0928 0.79998| 0.889 0.886 (**W)
0.935 0.937 0.894 0.00000
Coronal HEZ] 0.931 0.928 0.36021| 0.889
(= =} 0.927 0.919 0.884 (**w)
==0[ At x| 0.946 0.937 0.00350 0.882 0.00000
2bx| x| |OFRE| 0940 o35 0932 0927 “rwy | U¥77 0873 (**w)
AFOlQ| 5| ==
Al E) &2 | 0.926 8:338 0.927 8:333 0.89608| 0.860 8:32‘51 0&9930)0
0.947 0.947 0.909 0.00000
Xl
Q&2 | 0.939 0932 0.942 0936 0.29895| 0.905 0902  (**W)

Cl, confidence interval; *: p-value < 0.01; **: p-value < 0.001
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