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Relaxed distribution-wise consistency for
semi-supervised medical image segmentation

SUN Rui', MAI Huayu?, LI Zhi', LIU Yu®, HE You®
(1. Shenzhen International Graduate School, Tsinghua University, Shenzhen 518055, China; 2. School of Information Science and
Technology, University of Science and Technology of China, Hefei 230026, China; 3. Department of Electronic Engineering,
Tsinghua University, Beijing 100084, China)

Abstract: Semi-supervised medical image segmentation effectively alleviates the challenges of high annotation costs
and inefficiencies in clinical settings. However, the rich interpixel correlations in medical images have not been fully ex-
ploited, which can reduce the accuracy and reliability of pseudo-labels used for training. To address this limitation, this
work analyzes the limitations of conventional pixel-wise consistency regularization and proposes a relaxed distribution-
wise consistency(RDC) method that integrates interpixel correlations. First, an orthogonal selection strategy is designed
to construct representative feature agents. The distribution-wise consistency then aligns the pixel-agent correlations
across augmentation views. Second, a ranking alignment strategy is employed to relax strict value-wise alignment,
thereby increasing robustness to noise. Experiments on three challenging public datasets—ACDC, LA, and Pancreas-
NIH—show that the proposed RDC method outperforms existing semi-supervised medical image segmentation methods.
These findings provide new insights and references for designing effective strategies to exploit unlabeled data in semi-
supervised medical image segmentation.

Keywords: semi-supervised learning; medical images segmentation; consistency regularization; pseudo label; interpixel

correlation; distribution-wise consistency; agent-based modeling; ranking alignment
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Fig. 2 Flowchart of the relaxed distribution-wise consistency for semi-supervised medical image segmentation
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Table 1 Quantitative results of different semi-supervised medical image segmentation methods on the ACDC dataset

i 5%/3x+67x" 10%/7x+63x"

ik Dicet/% Jaccardt/% 95HD|/mm ASD|/mm  Dicet/% Jaccard/% 95HD|/mm ASD|/mm
U-Net (HHIBRTE)  47.83 37.01 31.16 12.62 79.41 68.11 9.35 2.70
UA-MTE® 46.04 35.97 20.08 7.5 81.65 70.64 6.88 2.02
DTC* 56.90 45.67 23.36 7.39 84.29 73.92 12.81 4.01
URPC! 55.87 44.64 13.60 3.74 83.10 72.41 4.84 1.53
SS-Net!") 65.82 55.38 6.67 2.28 86.78 77.67 6.07 1.40
MC-Net+!"! 62.85 52.29 7.62 2.33 87.10 76.06 6.68 2.00
PS-MTE2 86.94 77.90 4.95 2.18 88.91 80.79 4.96 1.83
CauSSLH — — — — 89.66 81.79 3.67 0.93
ABDY! 88.96 80.70 1.57 0.52 89.81 81.95 1.46 0.49

M-CnTH — — — — 88.40 — 4.40 —

BCP!'! 87.59 78.67 1.90 0.67 88.84 80.62 3.98 1.17
Diff-CLP" 88.75 79.21 1.56 0.51 89.21 80.98 3.04 1.02
DiffRect!*? 85.61 77.22 2.84 1.10 87.65 80.89 2.31 0.52
RDC 90.15 81.87 1.38 0.45 90.78 82.36 1.34 0.41
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Table 2 Quantitative results of different semi-supervised medical image segmentation methods on the Left Atrium dataset

ik 5%/4x+76x" 10%/8x"+72x"
Dicet/% Jaccard?/% 95HD|/mm ASD|/mm  Dicet/% Jaccard}/% 95HD|/mm ASD|/mm

VNet (RHIFRTE)  52.55 39.60 47.05 9.87 82.74 71.72 13.35 3.26
UA-MT® 82.26 70.98 13.71 3.82 86.28 76.11 18.71 4.63
DTCH 81.25 69.33 14.90 3.99 87.51 78.17 8.23 2.36
URPC!#! 82.48 71.35 14.65 3.65 85.01 7436 15.37 3.96
SS-Net!7! 86.33 76.15 9.97 2.31 88.55 79.62 7.49 1.90
MC-Net+!" 83.59 72.36 14.07 2.70 88.96 80.25 7.93 1.86
PS-MT?? 88.49 79.13 8.12 2.78 89.72 81.48 6.94 1.92
BCP! 88.02 78.72 7.90 2.15 89.62 81.31 6.81 1.76
Diff-CL" " 87.93 79.16 7.04 2.01 90.02 82.78 5.93 1.84
DiffRect!™”) 88.52 79.71 6.96 1.78 89.98 81.74 6.49 1.95
RDC 89.96 82.07 6.23 1.67 90.85 83.16 5.47 1.58

TE IRACR AL TERE
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Table 3 Quantitative results of different semi-supervised medical image segmentation methods on the Pancreas-NIH dataset

. 10%/6x+56x" 20%/12x+50x"

ik Dicet/%  Jaccard?/% 95SHD|/mm ASD|/mm  Dicet/% Jaccard?/% 95SHD|/mm ASD|/mm
VNet (HHIFRIE)  55.60 41.74 45.33 18.63 72.38 58.26 19.35 5.89
UA-MTB 66.34 53.21 17.21 457 76.10 62.62 10.84 243
DTC! 69.21 54.06 17.21 5.95 78.27 64.75 8.36 2.25
ASE-Net!*! 71.54 56.82 13.33 5.73 79.03 66.57 8.62 2.30
SS-NetH7 71.76 57.05 17.56 5.77 79.78 66.32 8.86 2.01
MC-Net+1 70.00 55.66 16.03 3.87 79.37 66.83 8.52 1.72
PS-MTP 76.94 62.37 13.12 3.66 80.74 68.15 7.41 2.06
BCP!'?) 73.83 59.24 12.71 3.72 82.91 70.97 6.43 225
CauSSL¥! 72.89 58.06 14.19 1.66 80.92 68.26 8.11 1.53
Diff-CLEY 76.12 62.68 12.01 3.39 82.13 69.47 7.50 2.98
DiffRect™? 75.23 62.03 12.39 3.20 82.09 68.99 7.78 3.14
RDC 80.87 68.13 6.59 1.45 83.26 71.47 4.52 1.35
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Fig. 3 Qualitative comparison on ACDC (5%) and Left Atrium (5%) datasets
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Table 4 Quantitative results under extreme data-scarce
scenario on the ACDC dataset

. 1%/1x+69x"
ik Dicet  Jaccardt 95HD| ASD|
VNet (Sup.Only)  28.74 20.92 4735  30.56
UA-MTE®! 43.01 35.78 26.05 13.43
DTCH* 49.67 39.89 2042  11.00
MC-Net+!"! 54.28 45.66 16.75 9.94
PS-MTB 73.17 63.43 12.30 5.36
BCP! 77.93 70.51 9.03 3.36
DiffRect*? 77.28 70.82 9.38 3.20
RDC 80.38 73.05 7.63 2.84

T ARARRALTERE

X5 R KW, RDC A5l A5 R -CHA
D A HE X 55 5 W R A5 7E AR i A SR AR T
WK A5 50 A% 18 A b 1 08 v v e A5 L, R R
FRAE AU 2 ih) e M, PR B SE BRI A A
33 HRLIE

R T IR A MR 5T BT O s A R, AR S
£ ACDC B4l 4 5% b i 543 F T — R 5 il
Siy, JF LA Dice REUE N LIS TR AR, 1 T4
Bt RDC B4 350HE
331 BAEHA BT

5 B T ASCAE ACDC (5%) 5 LA (5%) %k
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Table 5 Ablation studies of different components

Contrastive  DC  Relaxed ACDC (5%) LA (5%)
87.21 88.16
\ 88.25 88.76
V 88.98 89.27
\ \ 90.15 89.96
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Table 6 Ablation of different agent selection strategies %
B Dice
ALL 88.32
Random 88.85
Top-N 89.06
Orthogonal 90.15
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Fig. 4 Visualization of the agent activation maps from or-

thogonal selection
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Table 7 Ablation of distribution consistency %
S3Ai—E Dice
L2 88.68
CE 88.79
KL 88.98
Huber i 89.03
PIMRK LI 89.24
Relaxed 90.15
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Table 8 Evaluation of the agents number NV

Dice/%
ACDC LA Pancreas-NIH
32 89.18 88.79 80.03
64 90.15 89.96 80.87
128 89.56 89.32 81.01
256 89.27 88.90 80.25
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Table 9 Evaluation of thetrade-off weight 4

Y Dice/%
0.05 89.36
0.1 90.15
0.2 89.83
0.5 89.26
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