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Abstract. Despite the rapid advancement of 3D medical image segmen-
tation foundation models trained on large-scale datasets, generalization
to unseen data remains challenging. We observe that performance degra-
dation is closely associated with localized voxel-level confidence distri-
bution shifts between training and testing data. Existing Unsupervised
Domain Adaptation (UDA) methods attempt to address sample-level
domain discrepancies; however, they typically rely on computationally
expensive gradient-based updates, which may lead to catastrophic forget-
ting and degradation of pretrained representations. To address these limi-
tations, we propose a simple yet efficient post-hoc method termed Adap-
tive Cliff Alignment (ACA) to reduce voxel-level confidence distri-
bution gaps in logit space. Our approach analyzes the shape of the pre-
dicted logit distributions and performs isotonic-regression-based quantile
matching to align training and testing distributions. Importantly, the
proposed alignment is confined to the model-uncertain region of the logit
space rather than applied globally, enabling targeted correction while
preserving confident predictions. Extensive experiments across multiple
3D medical image segmentation benchmarks demonstrate that ACA ef-
fectively mitigates train—test prediction distribution shifts and consis-
tently improves segmentation performance in a train-free manner. Code
is available at https://github.com/MelindaDong/aca-segmentation.

Keywords: Post-Hoc Distribution Alignment - 3D Medical Image Seg-
mentation.

1 Introduction

The rapid development of medical image segmentation foundation models, trained
on large-scale diverse datasets, has established a new paradigm in medical image
analysis [2IITT]. However, their performance can still decline substantially when
applied to unseen test data, indicating persistent generalization gaps. And this
gap is pervasive across semantic tasks (e.g., segmenting liver vs. heart), and the
magnitude of performance degradation varies substantially.
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To address the generalization gaps, unsupervised Domain Adaptation (UDA)
aims to mitigate performance degradation caused by distributional shifts be-
tween labeled source domains and unlabeled target domains. Traditional UDA
strategies typically achieve domain alignment through image-level translation
using generative adversarial networks [20]. At the feature-level, alignment is
commonly achieved either through adversarial discriminators [3], or by mini-
mizing statistical discrepancies, such as Correlation Alignment (CORAL) and
Maximum Mean Discrepancy (MMD) [4/I7]. However, these approaches gener-
ally need gradient-based optimization, architectural modifications, or the inte-
gration of auxiliary trainable modules.

In the era of large-scale pretrained foundation models, retraining-based adap-
tation becomes increasingly impractical. It is not only computationally pro-
hibitive but also risks catastrophic forgetting, which degrades the model’s original
capabilities. These challenges are further amplified in 3D medical imaging seg-
mentation; unlike standard classification tasks, the high dimensionality of 3D
dense prediction makes traditional training-based adaptation excessively heavy
or entirely infeasible in resource-constrained deployment scenarios.

Motivated by these observations, we propose a novel post-hoc adaptation
strategy that operates directly in the model’s output logit space by aligning logit
distributions within the uncertain region, which we term the “cliff”. Our approach
enables effective logit distribution alignment, improving test-time performance
of large segmentation foundation models while preserving their representational
capacity and computational efficiency.

Our main contributions are summarized as follows:

— We propose Adaptive Cliff Alignment (ACA), a novel post-hoc, train-free,
and label-free method that aligns voxel-level logit distributions within the
uncertain prediction range (i.e., the cliff), improving the performance of
foundation segmentation models without requiring lengthy model fine-tuning.

— We demonstrate that, in 3D medical image segmentation, mitigating train-
test voxel-level shift is more effective than correcting sample-wise shifts.
Moreover, aligning extremely confident logits offers limited generalization
benefits, as anatomical variability introduces distributional inconsistencies.

— Extensive experiments on multiple 3D medical image segmentation bench-
marks demonstrate that ACA consistently improves performance across di-
verse medical tasks.

2 Related Work

Unsupervised Domain Adaptation. Unsupervised Domain Adaptation (UDA)
[10] aims to mitigate performance degradation caused by domain shifts. UDA
aligns distributions at the image level via GANs [20] or at the feature level
using adversarial discriminators [3] and statistical divergence metrics like MMD
[4] or CORAL [I7]. However, it generally requires computationally expensive
backward passes, which risks corrupting the carefully learned representations of
foundation models. Moment matching is another classic training-free approach.
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For instance, AdaBN [§] aligns domains by matching mean and variance statis-
tics across batches. Yet, the massive memory footprint of 3D volumes in medical
image segmentation inherently restricts batch sizes, rendering batch-dependent
methods inapplicable.

Post-hoc Calibration and Logit Alignment. Post-hoc calibration and logit
adjustment techniques both seek to improve model reliability by mapping raw
predictions to real-world empirical probabilities or priors. Classic calibration
approaches include temperature scaling [I5] and optimal threshold tuning [912],
which utilize a held-out validation set to find an optimal global rescaling. Non-
parametric approaches include histogram binning, quantile matching [13] for
cumulative distribution function alignment, and isotonic regression [I8/14] for
learning monotonic mappings to minimize squared error under monotonicity
constraints. Similarly, Long-tail learning [I2] aims to align the class prior to
the real-world probability to train robust models [I9]. However, these methods
inherently require a labeled target-domain validation set [5I6], limiting their
practicality in clinical settings where such annotations are scarce or unavailable.

3 Methodology

3.1 Problem Formulation

To improve the generalizability of pre-trained foundation models and operate
without an available extra validation set, we propose a post-hoc method that
calibrates the test predictions by exploring the relationship between the training
and test sets’ segmentation logit distributions.

Let Xipain and Aiest denote the training and test sets, respectively, and a
segmentation foundation model F' can produce a logit prediction map z for an
input image x, i.e., z = F(x). We first compute the set of training sample logit
maps Zipain = {22 = F(X),Vx € Xiain} and test set logits Zies in the same
manner. Here, we decompose the multi-class segmentation task into multiple
binary segmentation tasks, following the paradigm of class-prompted or text-
driven segmentation foundation models [216]. Our goal is to match the test set
logit distribution to the training set counterpart within an adaptively selected
logit range for the prompted class.

3.2 Adaptive CIliff Alignment

Range filtering. In 3D medical image segmentation, boundary region infor-
mation contributes the most to the segmentation performance, yet it accounts
for only a small fraction of the total volume. Furthermore, the dimensionality of
Zirain/test  (S€€ Eq. ) is exceptionally high, as it scales with both the number
of samples and the total voxel count.

To mitigate memory constraints and reduce computational complexity, we
implement a coarse range-filtering step with predefined bounds of [—5, 10]. These
hyperparameters are chosen to exclude highly confident background voxels (fore-
ground confidence < 0.006) and highly confident foreground voxels (foreground
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Fig. 1. Two types of logit distributions illustrated using liver and liver tumor in Liver
task from the MSD dataset [I]. Left: two peaks, a highly confident background, and a
less confident foreground distribution. Right: one peak, strong background dominance
followed by a long tail foreground distribution. Top: probability density distribution;
Bottom: slope of the probability density.

confidence > 0.9999), while preserving an appropriately sized logit range for
identifying and aligning uncertain regions that typically correspond to object
boundaries.

Specifically, we concatenate the flattened logits and apply the filtering at the
same time (zest constructed analogously):

Zirain = cat ({z € flatten(z) | =5 < 2 < 10,2z € Zirain}) , (1)
Logit distribution consistency. The ratio pirain = W provides an

empirical estimate of the average proportion of foreground voxels within the vol-
ume. This ratio reflects a stable relationship between foreground and background
regions under the default segmentation decision threshold corresponding to a
foreground probability of 0.5. Here 1(-) denotes the indicator function. Ideally,
under the same probability threshold, the corresponding ratio on the test set,
Ptest, should match pyrain if the independent and identically distributed (i.i.d.)
assumption holds. More generally, this statistical relationship can be extended
to any logit interval with sufficient support in its probability density:

Z ]]-(l < Zgrain < u) - Z ]]-(l < Zigest < u) (2)

|Ztrain | |Ztest]|

where [ and u denote the lower and upper bounds of the logit range.

Given that Eq. performs a binarized count over logit values within a
specified range, we can instead enforce a more fine-grained density alignment
between zi,q;n and zi.st within the same bounds:

P(l < Zgrain < u) ~ P(l < Zgest < u), (3)

where P(I < z < u) = [," f(z)dz, and f(-) denotes the probability density
function.
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Adaptive “cliff” alignment. In segmentation tasks, overfitting often manifests
as reduced predictive confidence near uncertain object boundaries in test sam-
ples. This behavior can be attributed to the memorization of training-specific
patterns and the potential learning of spurious, speckle-like noise. While cali-
brating the prediction threshold is a common approach, it typically requires the
availability of a dedicated validation set.

In the absence of such a validation set, we identify the uncertainty region by
searching outward from the default decision threshold z = 0 to detect the onset
of a density rise. Specifically, we first compute a smoothed histogram of logit
values using a Gaussian filter (o = 8) over 300 bins to suppress high-frequency
noise. To automatically determine the boundaries of the uncertainty region, we
compute the slope (first derivative) of the smoothed probability density and
perform a bidirectional search from z = 0. The uncertainty region is defined by
the two onset points at which the density begins to increase markedly, where
the gradient magnitude exceeds 15% of the maximum gradient on that side, in-
dicating a transition from uncertain to confident predictions. These two onset
points define the lower and upper bounds, [ and u, in Eq. for both zain
and ztest- By enforcing Eq. within the derived bounds, we align the level of
prediction uncertainty around segmentation boundaries in the test set with the
corresponding statistics observed in the training set. Fig. [I] illustrates two com-
monly observed types of the Zi;.i, and zies; value distributions, visualized using
histogram-based probability density estimates (top row) and their correspond-
ing slopes at each location (bottom row), together with the adaptively selected
logit ranges. Observing that segmentation prediction logits often exhibit a sharp
cliff-like structure when they overfit on the training set, we refer to the proposed
method as Adaptive Cliff Alignment (ACA).

Isotonic Quantile Mapping. Within the identified uncertain logit range [l, u],
we align Ziest 10 Zirain distribution using an isotonic regression-based quantile
mapping method.

Logits inherently encode relative confidence through their ordering; therefore,
a monotonic mapping is required to preserve the semantic consistency implied by
the predicted logit rankings. Isotonic regression yields a piecewise linear mapping
with greater expressive capacity than standard linear regression, while strictly
enforcing monotonicity.

We compute empirical quantiles at N = 1000 equally spaced levels p; = ﬁ
for i = {1,..., N} from Zg;ai, and Ziest. This generates two quantile sequences:
Qtrain = {q;prairl}ﬁ\il and Qiest = {qltest ij\ila where ql_;rain = leh f(ztrain) rep-
resents the logit whose empirical CDF equals p;; I; and u; denote the lower
and upper bounds of each quantile. We then fit an isotonic regression model
I : Qtest 5 Qtrain t6 Jearn a monotonically non-decreasing mapping from the
test quantiles to the training quantiles.

During inference, for any test logit z € [, u], the calibrated logit is obtained
via the learned mapping 2z’ = I(z) and used as the adjusted prediction logit.
The final foreground prediction is then produced by applying the default 0.5



6 N. Dong et al.

v

New - s ) - e
Before = @ _t.’ﬂ 5p 5] =5 (%) s (-
After je -~ )‘, = > S
e 2B 2" &oF &e°
Before Wiy : - y - ¢ c - (
. <P® =P =L =
After & ) £ ) £ > & ] , € >
=»- +®- <0 =t =&

Fig. 2. An example of the proposed Adaptive Cliff Alignment (ACA) on a pancreas
tumor segmentation task from the MSD benchmark [I]. The top two rows show the
predicted logits visualized as heatmaps within the identified uncertainty range, before
and after applying ACA. The bottom two rows display the corresponding binarized
segmentation masks, where blue denotes the ground-truth annotation and orange in-
dicates the predicted mask.

probability threshold. We illustrate two examples of logit shifts before and after
alignment in Fig.

4 Experiments

4.1 Dataset and Comparison Methods

Datasets. To evaluate our method’s adaptability, we utilize the Medical Seg-
mentation Decathlon (MSD) benchmark [I], a comprehensive collection of datasets
designed to test algorithmic generalizability across diverse 3D medical imag-
ing tasks. The evaluated datasets and their specific segmentation tasks include:
Heart (left heart atrium), Liver (liver, liver tumor), Hippocampus (anterior and
posterior hippocampus), Prostate (transition and peripheral zones), Lung (lung
tumor), Pancreas (pancreas, pancreas tumor), Hepatic Vessel (liver vessel, liver
tumor), Spleen (spleen), and Colon (colon cancer). For datasets with multiple
tasks, the mean result is reported.

Comparison Methods. We adopt SAT [2I] as our primary baseline as it
uniquely supports non-interactive, text-driven 3D segmentation. Unlike SAM-
based models [II], which require interactive prompting, or VISTA3D [6] and
STU-Net [7], which are constrained by fixed class mappings and ‘segment-all’
architectures, SAT offers a highly flexible and scalable framework for large-
vocabulary segmentation.

A sensitivity analysis of our hyperparameters has been conducted, which
shows stable performance under reasonable variations; details are provided in
the code repository.

To rigorously evaluate our approach, we compare it against several estab-
lished distribution alignment and calibration techniques, configured under a uni-
fied post-hoc evaluation setting.

(1) Logit Adjustment [I2] shifts test-time logits using foreground class
priors estimated from the training split, where a scalar offset controlling the
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Table 1. Dice Similarity Coefficient (DSC) (%) comparison. Best performance in each
row is boldfaced. BL: Baseline; LA: Long tail Logit Adjustment; OT: Optimal Thresh-
olding; MM: Moment Matching; FQM: Full-range Quantile Mapping; ACA: Proposed
Adaptive Cliff Alignment.

Dataset [I] |BL [2I] LA [12] OT [9] MM FQM ACA

Cardiac 92.60 92.64 92,58 92.64 9232 92.44
Liver 76.64 76.27 7640 76.90 7525 77.87
Hippocampus | 86.81 87.12 87.12 87.16 87.14 87.16
Prostate 73.64 7344 73.64 73.70 70.71 73.90
Lung 63.01 62.13 63.04 63.79 64.47 64.62
Pancreas 59.75 59.01 59.74 59.87 61.69 62.26
Hepatic Vessels| 63.19 62.47 63.18 62.85 61.80 63.06
Spleen 94.26 94.26 94.18 94.18 8231 94.27
Colon 35.51 33.99 34.61 36.54 41.40 40.68
Average ‘ 7171 7126  71.61 71.96 70.79 72.92

Table 2. Normalized Surface Distance (NSD) (%) comparison. Best performance in
each row is boldfaced. BL: Baseline; LA: Long tail Logit Adjustment; OT: Optimal
Thresholding; MM: Moment Matching; FQM: Full-range Quantile Mapping; ACA: Pro-
posed Adaptive Cliff Alignment.

Dataset [I] |BL [2I] LA [12] OT [9) MM FQM ACA

Cardiac 83.19 83.23 83.08 83.20 81.83 82.59
Liver 63.11 62.87 62.80 63.19 56.37 63.72
Hippocampus | 95.96 96.15 96.14 96.18 96.20 96.21
Prostate 55.52 55.35 55.52 55.39 49.27  55.50
Lung 53.00 51.57 53.08 54.44 55.43 55.56
Pancreas 47.13  46.39 47.13 4724 4832 49.10
Hepatic Vessels| 56.08 55.18  56.07 55.65 54.50  56.03
Spleen 85.85 85.98 85.19 8520 3270 85.97
Colon 29.99 28.39 29.10 3095 34.49 34.16
Average ‘ 63.31 62.79 63.12 63.49 56.57 64.31

magnitude of the shift is selected via grid search. Since a dedicated validation
set is not available, we randomly split 20% of the training set as a tuning set.

(2) Optimal Thresholding [9] bypasses the standard zero-logit boundary
by empirically determining the best decision threshold on the same tuning set.

(3) Moment Mapping To ensure compatibility with the training-free set-
ting, we implement a simple moment matching strategy inspired by AdaBN [§],
aligning the mean and standard deviation of source and target logits.

(4) Full-range Quantile Mapping [18] is adapted as an ablation base-
line, directly isotonic regression between distributions to evaluate the impact of
quantile alignment without our proposed adaptive cliff selection.
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4.2 Quantitative Results Analysis

We evaluated the proposed method against several train-free, post-hoc refine-
ment techniques using the Dice Similarity Coefficient (DSC) for regional overlap
and Normalized Surface Distance (NSD) for boundary alignment evaluation.

As presented in Table[I]and Table[2] our method achieves the highest average
performance across all 9 datasets, yielding a 72.92% average DSC and 64.31%
average NSD, outperforming the baseline by 1.21% and 1.00%, respectively. In
particular, our method shows consistent improvements on tasks involving tumor
targets, such as Pancreas (+2.51% DSC) and Colon (+5.17% DSC) compared
to the baseline.

Notably, supervised calibration methods such as Logit Adjustment (LA) and
Optimal Thresholding (OT) do not consistently outperform the baseline. LA
aligns foreground class probabilities between training and validation labels to
mitigate class imbalance, but this correction does not necessarily improve seg-
mentation accuracy. OT assumes that the validation set closely resembles the test
distribution, an assumption that may not hold in real-world scenarios. Moreover,
both approaches operate at a global semantic scale and fail to resolve voxel-level
distribution discrepancies that are critical for precise segmentation.

Moment Matching (MM) yields modest improvements over the baseline, sup-
porting the presence of a distributional gap between training and test predictions
despite the commonly assumed i.i.d. sampling assumption. By aligning only the
mean and standard deviation, MM performs a coarse global adjustment of the
logit distribution. Although relatively robust to background dominance and ex-
treme outliers, it lacks the capacity to correct fine-grained distribution discrep-
ancies.

As a sanity check, full-range quantile mapping (FQM) without adaptive cliff
selection degrades performance. While FQM aligns the entire logit spectrum, it
is dominated by background volume and foreground variability, biasing the map-
ping toward extreme confident logits. For example, in the Spleen task, large tar-
get variability causes fluctuations in foreground logit ratios, leading to a marked
performance drop.

Finally, our method aligns the test logit distribution within the prediction
cliff to the corresponding training distribution, yielding consistent gains in both
DSC and NSD. This improvement arises because foundation models retain rel-
ative voxel ordering near segmentation boundaries despite potential overfitting.
By calibrating logits in the uncertain region, ACA enhances confidence along
the prediction cliff, achieving precise sub-distributional alignment and improved
generalization.

5 Conclusion

In conclusion, we present Adaptive Cliff Alignment (ACA), a post-hoc, train-
free method that targets voxel-level confidence distribution shifts in 3D medi-
cal image segmentation. By applying isotonic regression—based quantile match-
ing within the model-uncertain logit region, ACA effectively reduces train—test
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distribution gaps while preserving confident predictions. Extensive experiments
show that ACA consistently improves segmentation performance across diverse
benchmarks, offering a simple and efficient solution for enhancing the general-
ization of pretrained segmentation models.

Future work will explore richer utilization of the logit space for detecting hard
or out-of-distribution cases and providing deeper insights into model behavior
and data characteristics, potentially extending ACA beyond alignment toward
more comprehensive model understanding.
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