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Covariate shift assumption meets Ditfusion
models for Unsupervised Domain Adaptation

Alexandre STENGER, Etienne BAUDRIER, Nicolas PASSAT, Benoit
NAEGEL, Patrick SCHULTYZ
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: 1) We gradually add noise to a mask from source domain and then denoise it conditioned by the information in the source image, such that we properly learn
: Ps(Y/X). 2) We sample a segmentation mask on target domain, conditioned by the target image and the previously learnt posterior label distribution. 3) To
: enforce the robustness of our method, we generate multiple segmentation masks and threshold over all those predictions to obtain the final predicted mask.
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Covariate Shift Hypothesis : | -
Py (Y[X) = P,(Y|X) :
---------------------------------------------------- | Settings
| W — FSl1 FS1 - W FS2 - W FS1 — 2
: Metho
Idea, i IoU (1) Dice (1)|IoU (1) Dice (1)|IoU (1) Dice (1)|IoU (1) Dice (1)
| No Adaptation 0.04 0.07 | 0.07 0.11 031 042 | 0.539 0.69
We propose to obliterate the covariate shift (a) by ! BN [18] 0.03 004 | 0.10 0.16 | 048 0.62 | 0.72 0.81
learning source posterior label distributions (b) | Adv. [7] 0.17 028 | 0.08 0.15 | 046 0.59 | 0.43  0.57
with Diffusion Models to enforce (c) target CellSeg. [5] 0.16 029 | 010 0.8 | 0.29 041 | 0.44 0.59
sesmentation to be consistent : YNet [14] 0.07 010 | 017 025 | 0.50 0.62 | 0.64 0.75
: SelfEns. (8] 0.17 0.27 | 0.01 0.01 0.18 0.27 | 0.33 0.48
| Ours 0.17 0.35 | 0.22 0.36 | 045 0.62 | 0.60 0.75
: Supervised on target| 0.80 0.85 | 0.73 0.80 | 0.73 0.80 | 0.82 0.87
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- t(Y|X) — Training : .14. Roels, J. et al. Domain adaptive segmentation in volume electron microscopy
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