Trainable Topology Supervision under Structurally Unreliable Pseudo Supervision
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Directly fitting unreliable pseudo topology can reinforce structural errors. Our Method derives trainable proxy signals and injects them conservatively.
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03 - Quantitative Evaluation 04 - Qualitative Results 05 - Structural Analysis
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+ 3 8 5 0/0 - 2 3 7 2 % . 3 6 3 2 % I - A - Weak Foreground Discontinuity Ours preserves a thin segment fragmented without topology guidance. GT No Topology ours
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Same-carrier Topology Comparison - Table 2 Cross-backbone Controlled Comparison b
Method Fyv 1 Bo Error | B1 Error | Backbone No Topology Ours Relative Change
No topology 0.683 8.837 4.785 DINOv1 0.634 0.660 +4.14% ragmented Foreground Responses Ours reduces scattered responses, although fragments remain. Ours retains local continuity.
TopoLoss 0.310 19.238 8.366 DINOv2 0.683 0.710 +3.85% 5 C - Spurious Holes
TopoSemiSeg 0.552 5.323 2.150 Table 1 - Weighted F-measure (7 | P . % W __011*
SATLoss 0.479 5.342 2.241 MAE |: DINOv1 0.077 — 0.070 e i - .
MATCH 0.521 5.290 2.489 DINOV2 0.061 — 0.055 ﬂ A g ‘ <
Ours 0.710 6.741 3.047 AL & 4
I - C - Unsupported Interior Holes Ours reduces unsupported holes, with residual errors remaining.

Lower Betti-counting errors do not necessarily imply better segmentation quality.

Mechanism Validation - NC4K Unsupported holes decrease; residual errors remain.
PH Proxy Formulation - Table 4 Conservative Injection - Table 3 h ' E - Genuine Openings
Mode MAE | F 1 Bo | Bi | Mode MAE | F 1 Bo | Bi | e - Gl MAICH ours
Match 0.056 0.720 2.495 2.173 No topology 0.059 0.713 5.577 3.261
Simplicity 0.060 0.708 3.465 2.222 Direct PH addition 0.150 0.496 5.797 3.027 IT1 - D - Excessive Foreground Suppression MATCH suppresses valid foreground; Ours better preserves its extent.
Cap 0.051 0.741 3.591 2.286 Sum-level 0.052 0.739 3.758 2.477 . '
Per-term 0.051 0.741 3.591 2.286 \
Cap improves MAE and weighted F-measure over Match, Direct PH addition reduces weighted F-measure: 0.713 — 0.496. Ours preserves openings lost in MATCH.
with higher Bo and 1 counting errors. Conservative injection: 0.739—-0.741. Scope and Limitations

Cross-setting Validation ' ) ' i
5 Ours retains GT-supported openings lost in MATCH. Validated on UCOD and matched histology; broader settings remain untested.

Matched Histology - Dice 7 - Table 7 Controlled Structural Corruption - Table 12 i . |
CRAG 0.765 — 0.775 Weighted F-measure 1 0.744 — 0.753 ._ '- Extremely weak or fragmented foreground evidence limits complete recovery.
GlaS 0.815 — 0.835 MAE | 0.055 — 0.051 .
MoNuSeg 0.299 — 0.310 BME | 8.298 — 8.117 - i Local analytical properties do not establish global training guarantees.
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