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Existing SSL Methods CVPR{—<

» Popular frameworks, such as Mean-Teacher and Co-training often discard high-uncertainty
voxels during training, which ignores potentially informative but ambiguous regions -- ultimately

missing the global context.

Monte Carlo Dropout (MC-dropout) Dual network/decoder
and Ensembles. disagreements

» Traditional contrastive learning treats all contrastive pairs equally, limiting

fine-grained discrimination under class imbalance.

® Can we leverage uncertainty, rather than discard it, to significantly enhance

semi-supervised segmentation?
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DyCON: Overview of Core Components

Preprocessing Input Volumes Mean-Teacher with 3D UNet backbones Loss components of DyCON
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» Uncertainty-aware Consistency Loss (UnCL) — dynamically weights the importance of
each voxel based on its predicted uncertainty.

» Focal Entropy-aware Confrastive Loss (FeCL) — adapts the contrastive loss to focus on the
most informative and challenging pairs.



DyCON: Overview of Core Components

Uncertainty-aware Consistency Loss (UnCL):
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» Where L(p®, p*) is any distance-based loss function (e.g., MSE in our case).
» The consistency alignment is inversely weighted by the sum of exponentiated entropies.

Here B serves as a scaling factor that amplifies or diminishes the impact of uncertainty.

/B(t) — maX(/Bmin; Bmax - €XP (_/\ . %)) (2)

> Early training: emphasizes uncertain voxels for exploration.
> Later training: emphasizes confident predictions for refinement.



DyCON: Overview of Core Components

Focal Entropy-aware Contrastive Loss (FeCL):
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Focal weights for hard
positive/negative pairs, reducing the
effect of trivial pairs.

Top-K teacher hard negatives,
introducing diversity
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SSL nothoq_ Volumes used in ISLES 22 Metrics Table 1. Acute Stroke lesion MRI segmentation comparison
etho o
Labeled Unlabeled Dice (%)t IoU (%)t HD95, ASDJ with SOTA methods on ISLES-2022 dataset.
W-Net [41] 200 (100%) 0 85.60 — 2734 —
. , ; ;
PAMSNet [11] 200 (100%) 0O 87.37 79.14 3.21 —_ SSL Method Volumes used in BraTS’19 Metrics
MT [35] 29.22 20.41 20.18 8.55 Labeled Unlabeled Dice (%)t IoU (%) HD95] ASD|
UA-MT [49] 49.20 37.21 3820  9.64
MCE [37] 397 20,83 067 1065 3D-UNet [30] 250 (100%) 0 88.23 78.81 7.21 1.53
CML [39] 46.39 35.16 3776 4.62 MT [35] 81.70 70.82 2229 736
DTC [24] 4655 3480 3733 8.8 URPC [25] 7459 6311 1388 372
AC-MT [46] 10 (5%) 190 (95%) 48.64 36.53 39.71 7.13 UA-MT [49] 82.82 72.77 11.29 2.30
MagicNet [7] 5142 38.18 3720  5.60 DTC [24] 81.57 71.63 15.73 2.56
GALoss [28] 53.29 40.17 31.72 4.53 MCF [37] 83.67 72.15 12.58 3.28
BCP [3] 53.53 41.12 37.06 691 BCP [3] 25(10%)  22500%) g3 49 7331 1011 189
MT [35] 36.43 24.01 2180  7.22 CML [39] 85.26 — 9.08 1.83
MCF [37] 42.96 32.51 4282 10.86 DyCON (Ours) 87.05 77.73 7.41 1.14
DTC [24] 45.19 32.80 3624 5.10
AC-MT [46] 49.47 37.02 3967 11.10 MT USL 83.04 72.10 985 232
CML [39] 20(10%)  180(90%)  50.88 38.45 36.16  4.94 URPC [25] 82.93 72.57 593 319
BCP [3] 57.97 44.32 30.09 4.58 UA-MT [49] 83.61 73.98 11.44 2.26
MagicNet [7] 58.84 44.42 29.18  3.64 DTC [24] 83.43 73.56 1477 234
GALoss [28] 60.13 4727 2411  3.17 MCF [37] 84.85 73.61 11.24 229
DyCON (Ours) 65.71 5.0 1335 071 BCP [3] S0(20%) — 200B0%) g5 7 7272 999 186
MT [35] 37.70 26.33 1900 645 AC-MT [46] 84.63 439 950 211
UA-MT [49] 58.00 44.96 2899  3.13 CML [39] 86.63 — 783 145
DTC [24] 40.23 29.35 41.47 13.13 DyCON (Olll'S) 88.75 80.52 6.33 0.93
MCF [37] 40 (20%) 160 (80%)  40.36 31.31 41.10  13.03
AC-MT [46] 54.91 41.55 3227 236 . . .
CML [39] 131 W77 3075 138 Tqble 2. Brain tumor segmentation comparison
BCP [3] 60.35 46.41 2063 3.64 with SOTA methods on BraTS-2019 dataset.

DyCON (Ours) 69.11 54.74 10.58 0.52
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Experiments

MRI + GT as Contour

DyCON (Ours)
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Lesion and Tumor
segmentation
visudlization

Red: ground truth contour
Green: True predictions

Blue: False Negative (FN)
predictions



Experiments CVPRD=

Table 4. LA organ segmentation comparison
with SOTA methods on LA dataset.

. . SSL Method Volumes used in LA Metrics

Table 3. Pancreas organ segmentation comparison Laboled  Unlabeled Dice (%)} 10U (%)7 HD95, ASDJ
with SOTA methods on Pancreas-CT dataset. 3D-UNet [10] 80 (100%) 0 9151 84.04 153 56l
UPC [23] 86.36 76.24 13.83  3.64
Volumes used in Pancreas CT Metrics UA-MT [49] 88.34 76.11 10.01  4.43
SSL Method , DTC [24] 81.25 74.26 1490 3.9
Labeled Unlabeled Dice (%)t IoU (%)t HD95| ASDJ MCF [37] 86.52 77.43 9.12 2.40
BCP [3] 4 (5%) 76 (95%)  88.02 78.72 790 215
V-Net [30] 62 (100%) O 69.95 55.56 14.23 1.64 CML [39] 8763 o 802 223
MT [35] 71.43 60.21 15.44 4.11 AC-MT [46] 89.12 80.46 11.05 2.19
UA-MT [49] 77.26 63.82 11.90  3.06 DCON Vet PO Aot

DTC [24] 12 (20%) 50 (80%) 78.27 64.75 8.36 2.25 Y ¢ - - - -

MCF [37] ’ ‘ 75.00 61.27 11.59  3.27 Bicw[”gm SR PR s G
CML [39] 77.26 56.21 2582 1.52 DTC [24] e151 1817 893 236
BCP [3] 82.91 70.97 6.43 2.25 MCF [37] 88.71 80.41 632 190
DyCON (Ours) 84.81 73.86 5.41 1.44 BCP [3] 8(10%)  72(90%) 89.62 81.31 6.81 1.76
AC-MT [46] 90.31 82.43 6.21 1.76
CML [39] 90.36 — 6.06  1.68
DyCON (VNet) 91.58 84.40 502 152

DyCON (3D-UNet) 92.77 86.21 4.20 1.23
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MRI with GT as Contour DyCON (Ours)

Left Atrial organ
segmentation visualization.




Ablation Experiments CVPRD=

DSC (%)

Loss

Table 5.Validation of various components in DyCON Comparative performance when integrating DyCON
info MT and CT frameworks with 10% labeled data.
FeCL Elements ISLES-2022 BraTS-2019
Ft+F~ HN Entropy UnCL Dice(%)t HD95| ASD] Dice (%)t HD95| ASD| 80
X x X X 3824 2016 635 8268 2153  5.89 :
v X X v 63.78 13.94 110 84.57 853 175 ot DDche(%)TDDHDQSJ, 65.71 60.48
v v X v 6439 1376 100 8523 811 1.59 £ 60 :
v x v v 6546 1352 085 8632 786 132 S
v v v v 6607 1334 0.75 86.97 746 116 E 42.9642.82
240 36.43
= 28.67
L 21.8
20 13.35
0
MT CT MT+DyCON CT+DyCON
—— DyCON
+eCl | Loss and dice accuracy on (a) ISLES’22 Results.
*UnCL | |SLES22 with 10% labels 817 83.67 i 86.98
1k 2k 3k 4k 5k bk
Training Iterations 80
v U0Dice(%)r IBHDY5]
—— DyCON = 60
+FeCL =
UncCL =
+uUn Lg 40
& 50 22.29
12.58 7 41 10.14
0
1k 2k 3k Ak 5k 6k MT CT MT+DyCON CT+DyCON

Training Iterations

(b) BraTS’ 19 Results.



Ablation Experiments

Sensitivity analysis of FeCL loss across different lesion
sizes and distributions.

Scattered Lesions

Non-scattered Lesions
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Random MRI Slices
from BraTS-2019

Random MRI Slices
from ISLES-2022
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Evolving Grad-CAM visualization

MRI Slices Epoch 100 Epoch 200 Epoch 300 Epoch 400 GT Mask Slices

« Refer to the supplementary material
for more ablation analysis.



Conclusion

» DyCON significantly improves performance by explicitly addressing class

imbalance and voxel-level uncertainty.
» UnCL: Dynamically balances exploration and refinement via dual-entropy

weighting, effectively preserving uncertain yet informative voxels.
» FeClL: Strategically emphasizes hard-to-distinguish pairs using adaptive focal

weighting and entropy-based sampling, thus improving discrimination power.
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