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Background Methods Results

● Covariate shifts caused by nuisances such as 
heteroscedastic noise and inconsistent imaging 
protocols limit the fidelity of medical image 
segmentation models.

● Without assuming access to a pre-collected target 
dataset, which is often impractical, test-time 
adaptation (TTA) offers a practical solution to 
calibrate models on-the-fly during inference.
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Problem formulation
Assuming a segmentation model is solely trained on source dataset, our goal is to 
adapt the model to target data without access to the entire target dataset.

Region-based Shape Energy Model

Curate negative examples for energy model training

● Energy-based models naturally capture 
distribution changes by reflecting sample 
likelihood, make them suited for TTA.

● We propose a shape energy model trained on 
source data, which assigns an energy score at 
the region level:
○ low energy -> ID (accurate) shapes
○ high energy -> OOD (erroneous) predictions

● Our formulation assumes two 
collections of examples, one following 
the desired distribution (of shapes) and 
the other out-of-distribution (OOD).

● In addition, the input distribution to the 
energy model is constrained by the 
predictions afforded by the 
segmentation model.

We propose to explore data space by 
probing the segmentation model with inputs 
optimized to simulate OOD examples.

Quantitative evaluation Adaptation visualization

Our proposed approach can be plugged-and-played into three existing 
architectures and we consistently outperform baselines in eight datasets.

T-SNE analysis of curated perturbation 

Our adversarial perturbation 
strategy produces images and 
segmentations that align with 
OOD cases, validating its 
effectiveness in modeling real 
covariate shifts.

Hyperparameter sensitivityHigh-energy corresponds to 
test-time segmentation errors

Our shape energy model achieves 
over 92% accuracy across different 
segmentation models, confirming 
its effectiveness in identifying 
errors at test-time.

Progressive update visualization Convergence analysis

Our method progressively refines segmentation quality over iterations (left), while 
achieving better convergence under the same time budget (right).

Perturbation curation

● Apply FGSM adversarial noise:
● Apply random affine transforms
● Generate perturbed segmentation: 

We generate negative (implausible) examples by applying 
FGSM adversarial noise and spatial affine transformations 
to the input images.

Shape energy model training

A region-based model learns patchwise energy values, 
assigning high energy to implausible regions and low 
energy to anatomically valid ones.

Loss:

Progressive test-time adaptation

At inference, the segmentation model is iteratively 
updated to minimize the predicted energy, aligning 
outputs with plausible anatomical shapes.

Update rule:

Label curation
For each perturbed segmentation, we compare it with 
ground truth and assign categorical energy labels to each 
region, where regions dissimilar to the ground truth are 
labeled as high-energy.

Datasets: (1) Cardiac (2D MRI)): ACDC, LVQuant, MyoPS, M&M (2) Spinal cord (2D MRI): GMSC (sites 1-4) (3) Lung (2D X-ray): 
CHN, MCU, JSRT. Metrics: (1) Dice coefficient score (DSC, %) (2) average surface distance (ASD, %)

Why energy? Quantifies distribution 
misalignment at test-time.

Impossible to have real negative 
examples? Curate them instead.


