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Table 1. FAHE MK SHAR SOTA FEgirRIBAPERE LA .

Model REF CVvC QaTa |ISIC2018

Dice IoU |Dice IoU |Dice IoU |Dice IoU

U-Net[i®] [80.1 - [85.6 80.5/79.0 69.5|87.6 77.9

CNN/Transformer-based| TransUNet[d] [85.6 - |92.0 87.8|78.6 69.1|88.7 79.7
Swin-UNet[3] [84.3 - |91.4 87.4|78.1 68.3| - -

Diffusion-based MedSegDiff[P4]|86.3 78.2/192.4 88.9|76.5 67.2|85.5 74.7

SDSeg[3] [88.7 80.9/93.6 89.3|77.6 68.0/88.1 79.7

Proposed LEAF 89.5 81.5/95.2 90.9(80.2 71.0(90.5 84.1
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Parameterization| Feature REF CVC QaTa IS1C2018
Types Alignment| Dice IoU | Dice IoU |Dice IoU |Dice IoU
€ -prediction X 88.47 79.59(90.15 83.68|74.27 63.80|87.67 80.13
€ -prediction v 87.61 78.43(91.63 87.10(74.56 63.97|87.34 79.48
v -prediction X 89.21 80.92(93.75 89.32{79.10 69.74(90.35 83.91
v -prediction v 89.30 80.88(94.89 90.44(79.32 69.98/90.52 84.11
xo -prediction X 89.21 79.08]94.49 89.94(79.08 69.85(90.39 83.94
xo -prediction v 89.53 81.45(95.17 90.94(80.15 71.04/90.54 84.18
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Table 3. #BZEL A SHHAERT I .

A\ REF CcvC QaTa ISIC2018
Dice IoU |Dice IoU |Dice IoU |Dice IoU

0 89.21 79.08(94.49 89.94|79.08 69.85[90.39 83.94
0.15 89.39 81.19(95.07 90.77|79.62 70.37[90.24 83.83
0.25 89.41 81.24(94.97 90.57|79.74 70.65[90.54 84.06
0.50 89.33 81.12(94.21 89.35|80.05 70.87[90.43 84.06
0.75 89.53 81.45(95.01 90.67|79.98 70.93[90.51 84.05
1.0 89.44 81.27(95.17 90.94|79.87 70.77(90.34 83.90
1.25 89.43 81.27(95.07 90.76|80.15 71.04[90.30 83.93

3.4 AR
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BRI DAR R T O S5 RAE N i SR BN AN E 1, X I 7 e 2
AHERR I E . LEAF )RS5 R Rl B UGa TRy, IR o 2 s AR
SETE, SRR O PR,

Table 4. FUEMESH . FATESE T 10 AR FEBIEEHUR T BEAT 10 WHEWT, FF115 T Dice
AR (%) HIbREDZE -

Parameterization Types| REF CvC QaTa ISIC2018
€ -prediction 0.09 0.32 0.14 0.29
xo -prediction 0.05 0.11 0.08 0.06
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A RRIER ST R Tk
FATE A TE QaTa HmsE LA F R BEVLAP RIS N BRGEE. 45
R, ERERRR O 3 R T RENLE, BIA T A mURRfEE:.

Table 5. [ A {E FAY Dice 4%k

A 0.15 0.25 0.5 0.75 1.0 1.25
Dice|79.88 £ 0.11|79.82 £ 0.14(79.81 £ 0.06|79.89 £ 0.01|80.06 £ 0.01|80.17 + 0.01

B PR AR M

FNTBHFTE T A [F] e e o L 0 7 BUPERE A S0 o 8 2R SR, JR BE s A e P X
FMGERA RE W, R TG B — T ST AR & (R B .

Table 6. DUEFEEAMIAY. Dice 734 LB

Beta Schedule linear linear linear scaled linear| scaled linear
0.0001-0.02{0.00085-0.012{0.0015-0.0155| 0.0001-0.02 |0.0015-0.0155
Dice 79.58 76.29 79.59 77.64 77.70
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