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Abstract. Cross-site generalization in rectal cancer MRI segmentation
is challenged by severe domain shifts across different scanners and imag-
ing protocols. While Test-Time Adaptation (TTA) mitigates this by dy-
namically updating models during inference, generic TTA methods often
cause semantic drift and disrupt the optimized architectures of 3D medi-
cal networks. To address this under strict patient privacy constraints, we
propose Tri-KA, a Tri-level Knowledge Anchoring TTA framework. Tri-
KA safely distills and transmits privacy-preserving source priors across
three dimensions without altering the base network structure or requiring
raw source data. Specifically, (1) at the input level, an energy-calibrated
Fourier frequency module aligns global image contrast to prevent initial
gradient instability; (2) at the feature level, a deep-to-shallow proto-
type guidance mechanism freezes deep layers to anchor invariant seman-
tic topologies while adapting shallow representations to target textures;
and (3) at the output level, an anatomical KL-divergence regulariza-
tion suppresses extreme macroscopic hallucinations. Extensive valida-
tion on a challenging cross-site cohort of highly anisotropic sagittal MRI
demonstrates that Tri-KA effectively balances target-domain adaptation
with the robust preservation of essential anatomical structures, achieving
significant improvements over state-of-the-art TTA approaches. Code is
available at https://github.com/WayneBo98/Tri-KA.
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1 Introduction

Accurate segmentation of rectal tumors and the surrounding rectum wall from
Magnetic Resonance Imaging (MRI) is essential for clinical staging and treat-
ment planning [2,20,10,3]. However, automated segmentation is challenged by ex-
treme intra- and inter-patient anatomical heterogeneity, low tumor-to-background
contrast, and the presence of confounding adjacent structures [4,19,18]. These
challenges are exacerbated in cross-site clinical deployments, where variations
in scanner vendors and imaging protocols introduce severe domain shifts [9,8,6],
frequently leading to performance degradation in deep learning models [12,23,1].

Test-Time Adaptation (TTA) dynamically addresses inference-stage domain
shifts. However, generic TTA introduces critical incompatibilities in 3D medical
segmentation. First, standard continual frameworks (e.g., SHOT [13], SAR [16],
CoTTA [24], EATA [21]) predominantly rely on entropy minimization or mono-
lithic updates. In low-contrast medical scenarios, these noisy gradients frequently
cause severe semantic drift and structural distortion. Second, conventional meth-
ods depend on Batch Normalization (BN) modulation [15,5,11], fundamentally
conflicting with Instance Normalization (IN) pipelines in standard 3D architec-
tures like nnU-Net. Finally, diffusion-based generative strategies [7,22,14] impose
prohibitive computational overheads, hindering efficient online adaptation. This
necessitates a strategy respecting both architectural and anatomical hierarchies.

To overcome these limitations under stringent privacy constraints, we pro-
pose Tri-KA, a Tri-level Knowledge Anchoring framework for cross-site rectal
cancer segmentation. While regulations prohibit sharing raw source data, trans-
mitting highly compressed, non-identifiable statistical priors incurs negligible
communication cost and minimal privacy risk. Without this knowledge, target
models undergo unconstrained adaptation, exacerbating structural distortions.
Therefore, rather than relying on unstable monolithic updates, our core insight
is to safely distill macroscopic source priors—specifically, frequency amplitudes,
deep semantic prototypes, and population-level distribution baselines—offline
at the source center. During online deployment, Tri-KA leverages these privacy-
preserving priors as hierarchical anchors to guide adaptation.

Specifically, our main contributions are summarized as follows:

– To our knowledge, this is the first work to address source-free TTA for rec-
tal cancer segmentation on highly anisotropic sagittal MRI. By explicitly
tackling domain shifts in this challenging modality, we provide a practical,
privacy-preserving solution for cross-site clinical application.

– We propose Tri-KA, a system-level paradigm rather than a simple aggrega-
tion of isolated modules. This integration specifically aligns with the physical
properties of highly anisotropic MRI to prevent semantic drift by anchoring
knowledge across three dimensions: (1) an input-level Fourier module to align
global contrast while maintaining structural integrity; (2) a feature-level
deep-to-shallow prototype mechanism to anchor invariant semantic topolo-
gies while adapting shallow representations; and (3) an output-level KL-
divergence regularization to suppress extreme macroscopic hallucinations.
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Fig. 1. Overview of the proposed Tri-KA framework. Privacy-preserving source priors
are extracted offline, guiding the online adaptation via three different levels.

– Evaluations on a challenging cross-site cohort demonstrate that Tri-KA sig-
nificantly improves segmentation accuracy over state-of-the-art TTA meth-
ods, effectively balancing target-specific adaptation with the robust preser-
vation of essential anatomical structures.

2 Methodology

2.1 Overview of the Proposed Framework

Tri-KA safely adapts a pretrained model to an unseen target domain using a
single target volume xt, without accessing source training data. To maximize
source information utilization while ensuring privacy, we shift away from mono-
lithic fine-tuning, proposing a tri-level adaptation strategy that leverages pre-
computed heterogeneous source priors to prevent semantic drift. As illustrated in
Fig. 1, our framework distills privacy-preserving source knowledge across three
complementary dimensions: (1) Input-Level (Style Prior): A Fourier-based fre-
quency module mitigates global contrast discrepancies before the image enters
the network, aligning the target appearance with the source distribution. (2)
Feature-Level (Semantic Prior): Deep prototypes extracted from the source do-
main act as stable semantic anchors to guide the texture adaptation of the
shallow encoder. (3) Output-Level (Distribution Prior): A soft anatomical prior
regularization penalizes extreme macroscopic deviations, effectively suppress-
ing severe structural hallucinations. Through this multi-dimensional knowledge-
anchoring mechanism, the model robustly adapts to target-specific appearances
while preserving essential anatomical topology.

2.2 Input-Level: Energy-Calibrated Frequency Stylization

Cross-site MRI scans frequently exhibit significant global appearance shifts. To
alleviate this domain gap without corrupting anatomical semantics, we introduce
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a privacy-preserving, Fourier-based frequency stylization prior to the network
forward pass. For a given target slice xt, we extract its spatial amplitude At and
phase Pt via 2D Fast Fourier Transform (FFT, F). A pre-computed averaged
source amplitude As serves as our privacy-preserving style prior.

Directly swapping low-frequency spectra in z-score normalized medical vol-
umes often induces artifacts due to global energy mismatch. To safely blend
styles, we employ a central low-pass Gaussian mask M alongside an energy-
calibrated mixing strategy. Let Et and Es denote the localized energy (mean
amplitude) within the masked regions of the target and source, respectively.
The blended amplitude is formulated as:

A′
t = At + β ·M ·

(
As

Et

Es
−At

)
(1)

where β ∈ [0, 1] controls the stylization intensity, and the dynamic scaling factor
Et/Es effectively prevents intensity overflow. The adapted slice is then recon-
structed via Inverse F using A′

t and Pt. Crucially, to accommodate architectures
highly sensitive to baseline intensities (e.g., nnU-Net), we preserve the target’s
Direct Current (DC) component and restrict the adaptation exclusively to the
foreground anatomy via a median-thresholding mask.

2.3 Feature-Level: Deep-to-Shallow Prototype Guidance

To prevent catastrophic forgetting during TTA, we propose a deep-to-shallow
adaptation strategy tailored to the physical properties of anisotropic medical
volumes. For small, highly anisotropic datasets like sagittal rectal MRI, CNN
architectures (e.g., nnU-Net) remain the clinical gold standard. In such models,
the encoder exhibits a distinct two-stage hierarchy. Driven by the progressive
downsampling and receptive field expansion in 3D networks, the shallow lay-
ers perform anisotropic operations to align spatial resolutions, making them
highly sensitive to cross-site variations (e.g., slice thickness) and domain-variant
textures. Conversely, the deep isotropic stages encode stable, domain-invariant
semantic topologies. Capitalizing on this, we freeze these deep layers and the
entire decoder, exclusively fine-tuning the shallow anisotropic encoder (θshallow)
to safely map target textures into the invariant decoding space.

To guide θshallow without violating privacy, we utilize multi-level source pro-
totypes extracted explicitly from the deep isotropic stages. Since these layers
encode abstract, domain-invariant anatomy, they serve as optimal supervision
signals. Prior to deployment, we apply K-Means clustering (K = 5) directly
to the source deep features, generating a robust set of L2-normalized semantic
anchors pc,l for each class c at deep layer l.

During the online TTA phase, we dynamically filter the target prediction
Ŷ to establish reliable pseudo-labels. First, we identify high-confidence pixels:
V = {i|maxc Ŷi,c > τ}. To prevent cascading errors, we apply a dual-gated
spatial prior. Since tumors originate near the rectal wall, confident tumor pre-
dictions outside the dilated rectum are explicitly removed from V , conditioned
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on the rectum anchor itself also meeting the confidence threshold τ . This robust
anatomical filtering is primarily stabilized by the FFT module (Section 2.2),
which effectively mitigates initial localization collapse.

The valid target features fi,l extracted from the deep isotropic layers are then
optimized via cosine similarity against the matching source prototypes:

Lproto =
1

|Ldeep|
∑

l∈Ldeep

(1− 1

|C̃|

∑
c∈C̃

1

|Vc|+ ϵ

∑
i∈Vc

fi,l · pc,l
||fi,l||2||pc,l||2

) (2)

where C̃ denotes valid predicted classes (|Vc| > 0), and ϵ = 1 × 10−8 ensures
numerical stability. Crucially, while the supervision signal Lproto is computed in
the deep semantic space, the deep layers themselves are frozen. Consequently, the
gradients backpropagate through the invariant deep layers and flow exclusively
into θshallow. This deep-to-shallow mechanism forces the shallow anisotropic lay-
ers to adapt their texture representations such that the resulting deep features
align closely with the domain-invariant semantic priors.

2.4 Output-Level: Anatomical Prior Regularization

While feature-level guidance stabilizes local semantics, extreme domain shifts
frequently trigger catastrophic macroscopic hallucinations (e.g., massive false
positives). To suppress these anatomically implausible outliers, we introduce a
soft population-level prior based on the source domain’s average class distribu-
tion. We define this prior as Pprior ∈ RC , empirically calculated from the source
domain for each class.

During test-time, the target’s macroscopic prediction distribution is com-
puted as the spatial mean of the probability map for each class c:

Ptarget(c) =
1

DHW

∑
d,h,w

Ŷd,h,w,c (3)

where Ŷd,h,w,c denotes the predicted softmax probability at voxel (d, h, w) for
class c. We penalize extreme deviations from this population baseline using the
Kullback-Leibler (KL) divergence:

Lprior =

C∑
c=1

Ptarget(c) log

(
Ptarget(c)

Pprior(c)

)
(4)

The overall objective for exclusively updating the shallow encoder θshallow is:

Ltotal = Lproto + λLprior (5)

Crucially, Lprior acts as a soft constraint to penalize gross volume anomalies
(e.g., organ-scale false positives), thereby allowing Lproto to preserve natural
patient-level tumor heterogeneity without catastrophic failure.
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Table 1. Comparison with SOTA methods. Metrics are Mean ± SD. Best in bold,
second underlined. Significance vs. ours: * p < 0.05, *** p < 0.001.

Method Rectum (Anatomical Anchor) Tumor (Clinical Target)

Dice (%, ↑) ASD (mm, ↓) Dice (%, ↑) ASD (mm, ↓)

Baseline 58.64 ± 4.95*** 2.98 ± 0.27*** 45.65 ± 1.45*** 8.59 ± 0.57***
TTAug (8×) 59.20 ± 4.56*** 2.94 ± 0.38*** 46.05 ± 2.09*** 8.25 ± 0.88***

TENT [23] 58.45 ± 6.09*** 2.68 ± 0.21*** 46.23 ± 1.17*** 7.81 ± 0.46
SHOT [13] 61.40 ± 1.71 3.33 ± 0.41* 45.21 ± 1.75*** 8.07 ± 0.43
CoTTA [24] 58.97 ± 4.72*** 3.16 ± 0.20*** 47.26 ± 0.96*** 8.02 ± 0.91*
SAR [16] 59.55 ± 4.01*** 3.01 ± 0.24*** 46.20 ± 1.71*** 7.92 ± 0.82***
EATA [21] 58.63 ± 5.26*** 2.88 ± 0.27*** 45.92 ± 1.77*** 8.19 ± 0.77***
GALA [17] 58.63 ± 5.13*** 2.80 ± 0.22*** 46.06 ± 1.43*** 8.05 ± 0.63***

Ours 61.53 ± 1.92 3.70 ± 0.39 48.66 ± 1.91 7.88 ± 0.72

3 Experiments and Results

3.1 Experimental Setup

Datasets. We evaluate Tri-KA on two in-house sagittal T2 MRI datasets for
rectal cancer. Source Dataset A (80 volumes from Guangdong Provincial Peo-
ple’s Hospital) is randomly split into 5 folds to train independent base models.
Target Dataset B (77 anisotropic volumes from Second Affiliated Hospital of
Navy Medical University) exhibits severe domain shifts. Target slices are resized
to 320×320 to approximate the source domain’s voxel spacing ratio.

Implementation & Metrics. Implemented in PyTorch (NVIDIA 4090),
Tri-KA adapts five base models independently, reporting average results. θshallow
is optimized using Adam (LR=3× 10−5) for 20 steps per subject. Hyperparam-
eters are fixed as: τ = 0.95, λ = 2.0, β = 0.5. Dice and ASD evaluate accu-
racy; Wilcoxon signed-rank tests assess significance (∗p < 0.05, ∗∗p < 0.01,
∗∗∗p < 0.001). Whole-volume inference with compatible padding preserves the
global anatomical context essential for stable feature-level adaptation.

3.2 Quantitative Results

We benchmark against the unadapted baseline (with/without 8× test-time aug-
mentation, i.e., TTAug) and state-of-the-art TTA methods using largest con-
nected component (LCC) post-processing. As shown in Table 1, our approach
achieves the highest Dice scores (rectum: 61.53%, tumor: 48.66%), significantly
outperforming most competitors (p < 0.001). Furthermore, reducing tumor ASD
to 7.88 mm demonstrates effective malignant boundary delineation.

Existing methods often struggle to balance pathological and healthy struc-
tures. For instance, TENT yields the lowest tumor ASD (7.81 mm) due to a con-
servative predictive tendency. Unconstrained entropy-driven adaptation forces
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Table 2. Ablation of Tri-KA components. Best in bold, second underlined. Significance
vs. full method: * p < 0.05, ** p < 0.01, *** p < 0.001.

Components Rectum (Anatomical Anchor) Tumor (Clinical Target)

FFT Proto KL Dice (%, ↑) ASD (mm, ↓) Dice (%, ↑) ASD (mm, ↓)

× × × 58.64±4.95*** 2.98±0.27*** 45.65±1.45*** 8.59±0.57***
✓ × × 59.13±4.84*** 2.92±0.30*** 47.49±1.42** 8.09±0.84
× ✓ × 60.06±3.02*** 3.52±0.32*** 47.07±2.11*** 8.32±1.16***
✓ ✓ × 60.64±3.66* 3.43±0.39*** 48.03±2.30 7.95±1.38***
✓ ✓ ✓ 61.53±1.92 3.70±0.39 48.66±1.91 7.88±0.72

Table 3. Ablation of feature-level guidance strategy. P/T denotes Proto./Tuned layers
(D: Deep, S: Shallow). Best in bold, second underlined.

Strat. P/T Rectum Tumor

Dice (%, ↑) ASD (mm, ↓) Dice (%, ↑) ASD (mm, ↓)

Base - 58.64±4.95*** 2.98±0.27*** 45.65±1.45** 8.59±0.57
(a) D/D 58.63±4.38*** 3.96±0.71 46.25±2.89 9.35±1.52
(b) S/S 58.40±5.11*** 3.06±0.21*** 46.36±1.91* 8.24±0.76

(c) Ours D/S 60.06±3.02 3.52±0.32 47.07±2.11 8.32±1.16

overconfidence in initial biased predictions, capturing only the central core while
under-segmenting ambiguous boundaries (TENT tumor Dice: 46.23%). Similarly,
SHOT achieves competitive rectum Dice (61.40%) but noticeably degrades tu-
mor Dice below baseline (45.21%).

In contrast, our multi-dimensional guidance successfully coordinates the adap-
tation of both classes to recover more comprehensive anatomical structures.
While this adaptation introduces an acceptable relaxation in the healthy rec-
tum ASD (3.70 mm vs. 2.98 mm), this 0.72 mm sub-voxel variance remains well
within the highly anisotropic MRI resolution limits. More importantly, this prag-
matic clinical trade-off effectively improves highly challenging malignant tumor
delineation (ASD reduced to 7.88 mm). Specifically, by prioritizing optimization
on pathological regions over the stable rectal wall, Tri-KA ensures that clinical
focus remains on accurate tumor localization, which is of paramount importance
for cancer staging.

We evaluate the contributions of individual modules in Table 2. The input-
level FFT stylization provides a stable initialization by mitigating frequency-
domain shifts, which improves the tumor Dice from 45.65% to 47.49%. Indepen-
dently, feature-level prototype guidance aids in recovering the global topology,
raising the rectum Dice to 60.06%. Combining both mechanisms further improves
segmentation performance. Finally, incorporating the output-level KL regular-
ization effectively filters macroscopic false positives, achieving the highest Dice
scores for both the rectum (61.53%) and the tumor (48.66%). Consistent with the
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(a) Base (b) TENT (c) SHOT (d) GALA (e) Ours (f) Ground Truth

Fig. 2. Qualitative comparison of cross-site adaptation results across different methods.
The red and green regions indicate segmented rectum and rectal tumor, respectively.

observations in the SOTA comparison, the comprehensive recovery of anatom-
ical structures introduces an acceptable relaxation in the healthy rectum ASD
(3.70 mm). Reiterating our clinical objective, this variance is a strategic trade-off
that successfully secures robust malignant tumor localization, as reflected by the
optimal tumor ASD of 7.88 mm.

To isolate the internal mechanics of the feature-level guidance, we ablate the
layer-selection strategy on the raw baseline (without FFT or KL modules) in Ta-
ble 3. Strategy (a) fine-tunes the deep layers, which inadvertently disrupts the
network’s domain-invariant topological knowledge. This modification leads to a
decrease in rectum Dice and introduces instability in tumor localization (tumor
ASD deteriorating to 9.35±1.52 mm). Alternatively, Strategy (b) utilizes shallow
features for guidance. Because shallow representations are highly susceptible to
domain-specific texture shifts, they provide less reliable optimization trajecto-
ries, resulting in an inferior tumor Dice (46.36%). By freezing the deep semantic
anchors and the decoder, and exclusively updating the shallow encoder, our deep-
to-shallow strategy (c) effectively resolves this structural-textural conflict. This
configuration significantly improves the tumor Dice to 47.07% (p < 0.01) while
successfully maintaining the global anatomical topology (rectum Dice: 60.06%).
Furthermore, based on our existing parameter tuning logs, the framework demon-
strates minimal performance fluctuations within the ranges of β ∈ [0.4, 0.6] and
λ ∈ [1.5, 2.5]. This stability confirms that our method relies on robust anatomical
priors rather than heavy dataset-specific tuning.

3.3 Qualitative Results

Fig. 2 visualizes cross-site results. In the first row, the unadapted baseline in-
correctly predicts a macroscopic false-positive (FP) tumor region due to severe
domain shifts. Conventional methods (TENT, SHOT, GALA) fail to eliminate
this artifact, demonstrating their limited capacity to correct structural errors
when relying solely on unconstrained entropy minimization. Conversely, guided
by our multi-dimensional priors, Tri-KA effectively suppresses this FP, yielding
a prediction highly consistent with Ground Truth.
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The second row presents a complex case where competitors retain FPs and
severely distort true tumor morphology. Tri-KA outperforms other methods in
recovering fine-grained boundaries while substantially reducing FPs. This vi-
sually confirms our motivation: freezing deep semantic anchors and the entire
decoder prevents implausible hallucinations, while exclusively adapting the shal-
low encoder safely refines target textures.

4 Conclusion

In this paper, we propose Tri-KA, a privacy-preserving Tri-level Knowledge An-
choring framework for cross-site rectal MRI test-time adaptation. By integrat-
ing macroscopic source priors across three dimensions—notably, freezing deep
semantic anchors while adapting shallow layers to target textures—Tri-KA ef-
fectively prevents semantic drift. Cross-site evaluations demonstrate its superi-
ority, providing a robust, clinically practical solution. While currently exploiting
the anisotropic nature of sagittal MRI, extending this mechanism to isotropic
modalities and conducting broader multi-center validations remain future work.
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