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Abstract. Model reuse o!ers a solution to the challenges of segmenta-
tion in biomedical imaging, where high data annotation costs remain a
major bottleneck for deep learning. However, although many pre-trained
models are released through challenges, model zoos, and repositories, se-
lecting the most suitable model for a new dataset remains di"cult due to
the lack of reliable model ranking methods. We introduce the first black-
box-compatible framework for unsupervised and source-free ranking of
semantic and instance segmentation models based on the consistency
of predictions under perturbations. While ranking methods have been
studied for classification and a few segmentation-related approaches ex-
ist, most target-related tasks such as transferability estimation or model
validation and typically rely on labelled data, feature-space access, or
specific training assumptions. In contrast, our method directly addresses
the repository setting and applies to both semantic and instance segmen-
tation, for zero-shot reuse or after unsupervised domain adaptation. We
evaluate the approach across a wide range of biomedical segmentation
tasks in both 2D and 3D imaging, showing that our estimated rankings
strongly correlate with true target-domain model performance rankings.
https://github.com/kreshuklab/model_ranking.
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1 Introduction

Segmentation is a ubiquitous problem in biomedical images, vital for the inter-
pretation of biological and anatomical structures. While modern deep learning
has significantly improved segmentation accuracy, practical use is limited by
the labour-intensive annotation of training data. Model transfer [59,94], with or
without fine-tuning, o!ers a potential solution by reusing pre-trained “source”
networks for new “target” datasets of interest. In biomedical imaging, where
comprehensive public training datasets are rare, and new imaging modalities
continue to emerge, practitioners often train domain-specific models [37]. Com-
munity initiatives such as the BioImage Model Zoo (BMZ) [63], public challenges
such as ToothFairy [12], and emerging large generalist models [3,65,80,93] have
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Fig. 1: Unsupervised consistency-based model ranking (CMR) for a set of models via
pairwise consistency between perturbed and unperturbed predictions.

created a growing ecosystem of reusable models. This raises the practical chal-
lenge of model selection when multiple candidate models—trained on the same
task but with varying settings, architectures, or source data—are available.

Transferability estimation [1] aims to address this task, often in a source-
free, model-agnostic setting appropriate for repository model ranking. Most prior
work addresses the task of image classification, where multiple supervised meth-
ods have been introduced [8, 23, 36, 47, 61, 71, 91, 100] to rank post-fine-tuning
performance. It has also been suggested that transferability ranking for semantic
segmentation can be achieved by simple extension of classification approaches [1].
In our experiments, this claim does not hold for biomedical imaging data, where
classification-derived methods fail to reliably correlate with model target data
performance. Furthermore, while semantic segmentation can be expressed as
pixel classification, instance segmentation cannot. Instance segmentation out-
puts a permutation invariant set of labels that arise from model-dependent post-
processing (e.g., connected components analysis), so the labels have no stable,
fixed-dimensional correspondence to instance representations in feature space.
The problem of instance segmentation transferability ranking remains largely
unaddressed for both natural and biomedical images.

While supervised transferability estimation can save fine-tuning costs, an-
notation, especially in 3D, can take weeks of expert time without guaranteeing
that a representative set has been labelled. Unsupervised ranking, therefore, has
significant practical advantages. Also, recent advances in Unsupervised Domain
Adaptation (UDA) enable potential improvements to model target data per-
formance without labels, but still require unsupervised ranking of the adapted
models. First such methods have been introduced [58, 75, 98], again largely for
classification. However, in our experiments, the state-of-the-art (SOTA) for UDA
validation [98] fails to reliably rank semantic segmentation models and, like other
classification-derived approaches, cannot be applied to instance segmentation.
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While model repositories exist, HuggingFace alone hosts over 2.7 million
models, practical ranking methods remain scarce because real-world deployment
requires them to be unsupervised, source-free, and model-agnostic—constraints
that few existing approaches satisfy. To address this gap, we therefore consider
the problem of selecting the best segmentation model from a repository for a
new dataset without access to target labels.
Contribution. In summary, our contribution is fourfold:

(i) We introduce the first unsupervised, source-free method for ranking both
semantic and instance segmentation models based on prediction consistency
under feature- or input-space perturbations (Fig. 1);

(ii) The method is training- and architecture-agnostic and operates only on
model predictions. It can be applied to black-box models, making it com-
patible with heterogeneous model zoos even if using inference APIs or con-
tainerised deployments;

(iii) We evaluate on realistic biomedical transfer scenarios spanning nuclei, cell,
and mitochondria segmentation in light and electron microscopy. Our method
successfully ranks models ranging from domain-specific architectures to large
generalist segmentation models (e.g., µSAM [3] and CellposeSAM [65]), both
for direct application and after unsupervised domain adaptation;

(iv) We further demonstrate the practical utility of our approach by ranking
ToothFairy challenge [13] submissions, a benchmark for multi-class 3D CBCT
semantic segmentation. Without access to test dataset labels, our method
successfully reproduces the challenge’s average model DICE ranking.

2 Related Work

In the following, we review supervised transferability metrics, UDA validation,
performance estimation, generalisation, and uncertainty estimation while high-
lighting the distinct challenges of unsupervised model ranking. These fields ad-
dress distinct yet related problems. While they share many methodological ap-
proaches, they use di!erent terminology and rarely cross-cite.
Supervised Transferability Metrics. Transferability metrics (TM) aim to
rank a set of models by their post-finetuned target performance. Existing work
follows two main categories: (i) label-comparison-based methods, such as LEEP
[61], and (ii) feature-embedding-based methods, which analyse the target data
embedding space with guidance from target labels (NLEEP [47], LogME [100],
H-score [8], Regularised H-score [36], GBC [66], NCTI [91]). They all require
target domain labels and were initially designed for classification, except CC-
FV [99], which focuses on semantic segmentation. Our task and method are un-
supervised, but fundamentally aim to answer a very similar question of selecting
the most suitable source models for a given domain-shifted target dataset [1].
Hence, many TM methods satisfy our requirements of being source-free and
model agnostic and can serve as strong baselines for ranking ‘zero-shot transfer-
ability’. Our key di!erence: label-free, no fine-tuning assumption.
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UDA Validation. Many popular UDA methods rely on self or adversarial train-
ing [15,44] and are notoriously unstable [89,92]. Hence, UDA validation addresses
a problem close to ours: how to select the best adapted model without target
domain labels. The SOTA in this field is the Transfer Score (TS) [98], developed
for classification, but also tested on segmentation. It measures the post-UDA
model classifier bias in the target domain along with the feature space transfer-
ability and discriminability. We use TS as a further baseline in our experiments.
Our key di!erence: ranking across heterogeneous models, not only UDA setting.

Performance Estimation. Another related field is unlabelled Performance Es-
timation (PE), also known as Quality Control (QC), where the aim is to directly
estimate performance metrics. However, in PE, the unit of analysis is typically
a single model, and methods aim to assess the quality of the model’s predic-
tions in deployment, e.g., under distribution drift. In contrast, our method esti-
mates the relative success of a candidate set of models applied to specific new
domain-shifted target data. Thus we do not require the score to equate to a
direct performance metric for each model, as we aim to recover a relative rank-
ing across the model set. PE methods need to rely on assumptions about the
nature of the domain shift to uniquely identify the target conditional [28]. At
the same time, PE methods are not required to be target label-free [85], source-
free [11, 28] or model-training agnostic [34, 42, 49, 56, 72, 74], making most of
them inapplicable for model selection in the unsupervised model repository set-
ting. Using a recent benchmark [101], we identify a few exceptions that satisfy
our requirements, namely Nuclear Norm [21] and Dispersion [97]. The first seeks
to quantify the confidence and dispersity of model predictions via the nuclear
norm, while the second, similarly to [66, 99] seeks to use inter-class feature dis-
persion as a surrogate for model performance. We implement both as baselines.
Ensemble-based PE methods [6, 78] incur a large computational overhead, but
can in principle also be applied to ranking, with [78] specifically proposed for
segmentation. However, [78] reduces the evaluation to object centroids, making
the method insensitive to object shape, especially for irregularly shaped objects.
Missing pixelwise object evaluation, the method is closer to object detection than
instance segmentation ranking, but still provides a useful baseline as the only
other approach to address instance segmentation. Our key di!erence: repository
ranking vs single-model QC, source-free, model-training agnostic.

Generalisation and Uncertainty Estimation. Generalisability is another
term used to describe the ability of a model to perform across new datasets.
While often used for In-Domain (ID) data, Out-Of-Distribution (OOD) gener-
alisability also exists. Typically, it is considered as an intrinsic model property
that can be improved, e.g., by learning more robust and broadly applicable fea-
tures. Our aim is not to improve target performance, yet we can exploit similar
approaches to those measuring generalisability, but in a specific paired model-
dataset setting. Ranking di!ers from generalisability as it explicitly measures the
compatibility between a model and a target dataset either directly or post-UDA
and is not a property of the model alone. Consistency-based approaches [2,20,77]
provide potentially suitable unsupervised methods and have been explored for
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classification. Early works [2, 77] suggest that prediction invariance under Test-
Time-Augmentation (TTA) can be linked to model generalisability, but do not
explore feature perturbations. Furthermore, they only focus on the ID setting, re-
lying on carefully weighted penalty scores [2], or directly using ground-truth [77]
to evaluate prediction invariance. E!ective Invariance (EI) [20] addresses OOD
generalisability, measuring both the consistency and confidence of probabilistic
model outputs. However, EI cannot be extended to instance segmentation.

Consistency to perturbations has also been investigated in the Uncertainty
Estimation (UE) field, where rich theory ties the variance of predictions to an
approximation of Bayesian Neural Networks (BNNs) [27, 45, 53, 57, 87, 88]. Cali-
brating model confidence to correlate with true performance is a key challenge
and often requires access to source/target labelled validation sets [45, 53] or re-
striction of the training procedure [27]. The UE field itself is not concerned with
assessing model applicability to target data, but rather aims to improve model in-
terpretability via the quantification of uncertainty. However, UE has been widely
used in many PE, QC, or failure detection methods [22,34,39,42,49,56,74,102]
that explicitly conflate estimating performance and uncertainty, thus su!ering
the same limitations. These approaches are typically developed to assist medical
experts in segmentation and provide per-image evaluation of a single model’s pre-
dictions. While important, such methods are not suitable for model selection in
model zoos, adding unnecessary, hard to satisfy uncertainty calibration require-
ments (i.e., restricting the model training [22,34,42,56,74]). Our key di!erence:
no uncertainty calibration, semantic and instance segmentation, model-agnostic.

Following source-free, model-agnostic, unsupervised constraints of a model
repository setting, we use the building blocks from the above fields to create
a ranking-specific approach, stripping away complexities associated with confi-
dence calibration or feature space reasoning, and explicitly do not use perturba-
tions for UE, as described in Sec. 3. Our method, for the first time, can be applied
in a unified framework for both semantic and instance segmentation ranking.

3 Methods

We rank model performance via the consistency of model outputs under pertur-
bation. Focusing on output analysis enables a fully unsupervised and source-free
ranking. Since the output spaces of candidate models are fixed and directly
comparable—unlike their feature spaces, which may di!er in composition and
dimensionality—our approach provides a uniform evaluation basis. Moreover,
our method, for the first time, directly assesses pixel-wise instance segmentation
performance across arbitrary instantiation methods. SEG [78] has previously at-
tempted to address instance segmentation, but reduces the problem to object
detection based on centroids. This constrains SEG to circular objects and disre-
gards pixel-wise information. We motivate our consistency-based approach as fol-
lows: a source model learns decision boundaries to partition data by class. When
applied to a distribution-shifted target domain, these boundaries may fail to sep-
arate classes e!ectively or may intersect embedding clusters. To assess model-
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dataset compatibility, we introduce small perturbations—either to the model
input or its features—and observe predicted class flips as pixel embeddings cross
decision boundaries. Measuring such pixel class flips provides a model-agnostic
estimate of compatibility, free from feature space-based reasoning used in prior
methods (e.g., feature-space compactness or separability [21, 47, 66, 91, 97–99]).
This is advantageous for semantic/instance segmentation, where common losses
(e.g., Dice and cross-entropy) do not explicitly enforce feature compactness.

Prediction consistency can be viewed as a proxy for the margin of a model’s
decision boundaries on target data. Models that transfer well are expected to
exhibit larger margins, leading to better-separated classes and less perturbation
sensitive predictions. This intuition aligns with prior discussions on manifold
smoothness and margin distribution [38,60]. Without access to labels we rely on
perturbation-induced class changes to indicate separability. From this perspec-
tive, input-image perturbations (common in generalization) and feature-space
perturbations (popular in uncertainty estimation) are conceptually equivalent.

Consistency perturbations need not represent realistic image changes be-
tween source and target distributions; e.g., feature-space perturbations do not
necessarily have realistic image interpretations. Their purpose is to perturb pixel
embeddings, testing the suitability of a model’s decision boundary for target data
by measuring the number of output class label flips. We explicitly do not use
perturbations to estimate uncertainty, and do not use MC-DropOut [27], which
is used in many PE methods for calibrated confidence scores and must be ap-
plied during both training and inference. Instead, we employ Test-Time-Dropout
(TTD) [45, 83] which can be applied to arbitrary layers at inference time only.
Thus remaining model agnostic and setting no model training requirements.

3.1 Problem Definition

Considering a pre-trained model MS : XS → YS , trained on a source domain
DS = {(xn, yn)}NS

n=1 we apply MS to an unlabelled target dataset XT , sampled
from a shifted target domain DT = {xn}NT

n=1. Inference on XT can be performed
directly or after UDA, which further trains MS on a subset of DT . We enforce
that the source and target task are the same (e.g., nuclei segmentation). Given
a set of candidate source models M = {Mm}NM

m=1, our goal is to rank the models
on XT so that the ranking correlates with true performance PMm(XT ) (e.g., F1
score) ranking, which is not available without labels. We introduce an unsuper-
vised Consistency-based Model Ranking method RMm(XT ) (CMR) that aims to
preserve the ranking RMi(XT ) > RMj(XT ) if and only if PMi(XT ) > PMj(XT ).

3.2 Our Consistency Model Ranking (CMR)

Considering a target dataset XT = {xn}NT
n=1, we rank the transfer performance

of a set of models M = {Mm}NM
m=1 on XT by measuring pixelwise prediction

consistency between perturbed and unperturbed predictions (Fig. 1). Firstly, we
propose to extend the E!ective Invariance (EI) [20], originally formulated for
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classification tasks, to semantic segmentation. CMR-EI measures the per-class
invariance of a single segmentation prediction ŷn to test-time perturbations,

CMR-EI(c)n =
1

|I(c)
n |

∑

i→I(c)
n

√
p̂(c)n,i · p̃

(c)
n,i · [ỹ(c)n,i = ŷ(c)n,i], (1)

where p̂(c)n,i and ŷ(c)n,i represent the pixelwise softmax and thresholded output of
a model for class c, with p̃(c)n,i, ỹ(c)n,i the perturbed equivalents. To counteract
high-class imbalance in biomedical data and allow for multiclass problems, we
calculate a foreground restricted per-class consistency score, limiting iteration
to the pixel set I(c)

n = {i : ỹ(c)n,i = 1 or ŷ(c)n,i = 1}, thus preventing background
pixels from dominating. CMR-EI is a “soft” metric as it utilises both output con-
sistency and confidence, introducing a reliance on confidence calibration which
is not guaranteed in transfer [64]. We therefore also propose a “hard” consis-
tency measure based on the thresholded per-class binary model output. Using
the Normalised Hamming Distance (NHD), we count the number of foreground
restricted pixelwise label changes between the perturbed and unperturbed pre-
dictions,

CMR-NHD(c)
n = 1↑ 1

|I(c)
n |

∑

i→I(c)
n

[ỹ(c)n,i ↓= ŷ(c)n,i]. (2)

This is equivalent to the IoU , but considering pixel flips adds intuition. The
consistency score for a single prediction ŷn is the average of the per-class scores.

For instance segmentation, direct individual pixel comparison is impossible
as instance labels are arbitrary. Instead, we measure the consistency between ỹn
and ŷn via the agreement of paired pixels in each prediction, as measured by the
Rand Index [70,84]. Intuitively, if a pair of pixels is assigned to a single instance
in ỹn, then to be consistent, this should also be true in ŷn. To account for class
imbalance, we use the foreground-restricted Adapted Rand Score (ARS) [4],

CMR-ARSn =

∑
k,ω w

2
kω

ω
∑

k s̃
2
k + (1↑ ω)

∑
ω ŝ

2
ω

, (3)

where wkω is the proportion of pixels that belong to instance k in ỹn and instance
ε in ŷn, restricted to the pairwise union of foreground pixels in ỹn and ŷn. s̃k =∑

ω wkω represents the proportion of pixels with label k in ỹn and ŝω =
∑

k wkω is
similarly defined for ŷn. Thus,

∑
k,ω w

2
kω is the proportion of pixel pairs belonging

to a single instance in both ŷn and ỹn. From the perspective of either prediction,
Eq. (3) can then be considered as the weighted harmonic mean between two
terms:

ARSsplit =

∑
k,ω w

2
kω∑

ω ŝω
, ARSmerge =

∑
k,ω w

2
kω∑

k s̃k
. (4)

ARSsplit penalises split disagreements and is the proportion of pixels pairs in one
instance in ỹn given they are in one instance in ŷn. ARSmerge penalises merge
disagreements and is the proportion of pixel pairs in one instance in ŷn given they
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are in one instance in ỹn. The weighting ω = 0.5 is used by default. Following
convention, every background pixel is treated as an instance containing a single
pixel. The consistency score for a single transfer Mm(XT ) is then calculated as:

CMRMm(XT ) = median
n=1,...,NT



 1

Npert

Npert∑

j=1

consis
(
ŷn,m, ỹ(j)n,m

)


 , (5)

where consis
(
ŷn,m, ỹ(j)n,m

)
is calculated using one of the above metrics (CMR-EI,

CMR-NHD, CMR-ARS), and we average over Npert perturbations. The final
ranking within M is the descending order of CMRMm(XT ).

3.3 Model Perturbation

Perturbations can be applied to inputs via TTA or directly to feature space, pro-
vided model access. We aim to assess model decision boundaries via target pre-
diction consistency. This di!ers from evaluating the model’s learned invariance
to perturbations within the source domain (e.g., due to training augmentations).
To examine this, we rank models trained both with and without augmentation,
showing perturbations still expose informative variations on target data. Per-
turbations must remain tolerable [57]: if too strong, even good models become
inconsistent, while if overly weak all models stay stable. Empirically, we find a
broad range of perturbations enable e!ective ranking via CMR (Supp. 11 and
12 ). Furthermore, all CMR scores are computed from perturbations sampled
over a range, rather than a single fixed value. Thus, rankings are inherently
based on a distribution of perturbations rather than a specific tuned parameter.
Input Space Perturbations. We explored several popular image transforma-
tions: additive Gaussian noise, gamma correction, and changes in brightness and
contrast. In our experiments, we found similar performance across all transfor-
mations. Thus, for brevity, in the main text we mostly only report Gaussian
noise, with strength controlled by ϑ. See Supp. 11.2 and 12.2 and Tab. 2 for
additional TTA results and Supp. 9 for perturbation definitions.
Feature Perturbation. Perturbations can be applied directly to intermediate
feature layers, while keeping the network weights frozen. Motivated by findings
in semi-supervised learning [62] and uncertainty estimation [57], we apply Test-
Time Dropout [45, 83] (TTD). Specifically, we apply TTD (i) across all layers
of the network (Tabs. 1 and 3 mitochondria experiments), (ii) only at the bot-
tleneck, where information is the most redundant [33] (Tabs. 1 and 4 nuclei and
cell experiments) or (iii) at the bottleneck and skip connection layers (Tab. 2).

4 Experimental Setting

4.1 Datasets

We evaluate our approach on a range of public segmentation datasets, covering
six distinct tasks and many modalities. For each model ranking run, we fix one
target dataset and evaluate all task-specific models (see Supp. 7 for detail).
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Electron Microscopy (EM), Mitochondria. We use four semantic segmen-
tation datasets with neural tissues from di!erent species and EM modalities:
[25, 54, 68]. We also reformulated these datasets as a per-patch binary classifi-
cation task, where a positive label indicates a mitochondrion is present. This
auxiliary task allows us to disentangle biomedical domain e!ects [17] from the
intrinsic suitability of classification-based approaches for semantic segmentation.
Light Microscopy (LM), Nuclei. We use nine nuclei datasets for instance
and semantic segmentation, taken from a variety of species and LM modalities:
[5, 10,14,16,18,19,31,40,43,52,82,86,103].
Light Microscopy, Cells. We consider four instance cell segmentation datasets,
taken from fruit fly, Arabidopsis thaliana and human samples: [26, 67,95,96].
Cone-Beam Computed Tomography (CBCT), ToothFairy2. We use the
ToothFairy2 datasets taken from the MICCAI2024 challenge [12,13], comprising
3D CBCT volumes of the human jaw with 42 labelled classes. Model ranking is
assessed on a held-out test set acquired at another institution.

4.2 Models and Correlation Evaluation Metrics

Our diverse set of models include self-trained and pre-trained candidates. For
classification: ResNet18/50 [32], DenseNet121 [35], MobileNetV2/V3 [69,76]. For
binary semantic and instance segmentation: 2D U-Net [73], Residual U-Net [46],
UNETR [30], µSAM [3], Cellpose-SAM [65], and BMZ [63] model, id: 5092850
‘powerful-chipmunk’ [67]. For multi-class semantic segmentation, we select top-
models from the ToothFairy2 challenge [90] (Isensee et al . and Wang et al .)
and further add architectures covering CNNs (2D nnU-Net, residual-encoder
3D nnU-Net [37]), Transformers (SwinUNETR [29], TotalSegmentator [93]) and
State Space Models (UMamba [55], VMamba [51]). See Supp. 8 for detailed
per-experiment model sets.

For all ranking methods RMm(XT ), we calculate the correlation between the
metric ranking and the performance score PMm(XT ) ranking. As standard [1],
we evaluate the correlation scores using three complementary measures: Pearson
correlation coe"cient (Pr) [9], which captures linear relationships; Spearman’s
rank correlation coe"cient (Sε) [79], which measures monotonicity; and Kendall
tau (Kϑ ) [41], which assesses ordinal association and is more sensitive to local
pairwise rank disagreements. All three metrics range from [↑1, 1] with Kϑ =
Pr = Sε = 1 indicating perfect positive correlation. While a perfect RMm(XT )

should be monotonically related to PMm(XT ), linear correlation is not required.

5 Results

5.1 Semantic Segmentation

Previous work [1,66,99] suggested that supervised transferability metrics devel-
oped for classification can be extended to semantic segmentation by sampling a
class-balanced set of pixels and treating them as a classification dataset. How-
ever, for our biomedical datasets this approach fails: existing transfer metrics,
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Fig. 2: Classification & semantic segmentation ranking (EPFL [54]). Point per model.

even with supervision, do not correlate with either direct transfer performance
(Tab. 1b) or post-fine-tuning performance (Supp. 11.6 ). To determine whether
this limitation arises from the biomedical domain [17] or from the shift to seg-
mentation, we additionally evaluated the metrics on mitochondria classification.
Fig. 2 shows model performance (F1) against each metric for a single target
dataset (EPFL [54]) for both classification and semantic segmentation. While
classification ranking performance is high (violet crosses), the metrics fail for
segmentation (green circles), where only CMR and supervised LEEP remain
reliable.

Tab. 1 reports the mean correlation across two sets of 4 target datasets, firstly
for mitochondria segmentation in EM [25,54,68] and secondly, for nuclei segmen-
tation in LM [5, 14, 16, 52] (see Supp. 11 for per-dataset results). We evaluate
CMR using both “hard” (CMR-NHD) and “soft” (CMR-EI) consistency metrics
under input (Gauss) and feature (DropOut) perturbations. In all cases, CMR
shows strong correlation with the F1-score based model ranking, outperforming
the other unsupervised baselines-Transfer Score (TS), NuNo, and Dispersion.
Most supervised transferability metrics also fail despite access to target labels,
with LEEP as the only consistent exception. Most baseline methods operate
in feature space and rely on assumptions about feature space geometry, such
as inter-class separability or intra-class compactness [21,66,91,97,98]. The con-
trast between LEEP and NLEEP, which adds feature-space reasoning, illustrates
the di"culty of extending such assumptions from classification to segmentation.
In contrast, CMR operates directly in the output space, comparing predictions
rather than labels and thus enabling fully unsupervised ranking. Among the eval-
uated approaches, CMR provides the most reliable method for ranking models
in practical repository settings.
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Table 1: Semantic-segmentation. Mean correlation to F1 ranking over 4 target datasets
each. Mito [25,54,68] (|M|=15) and Nuclei [5,14,16,52](|M|=7). † notes our metrics.

Metric Mito Nuclei

Kω Sε Pr Kω ε Pr

CMR-EI †
(Gauss)

µ 0.77 0.85 0.83 0.62 0.77 0.98
ϑ ±0.1 ±0.1 ±0.1 ±0.1 ±0.1 ±0.0

CMR-NHD †
(Gauss)

µ 0.71 0.83 0.79 0.69 0.82 0.97
ϑ ±0.1 ±0.1 ±0.1 ±0.1 ±0.1 ±0.0

CMR-EI †
(DropOut)

µ 0.73 0.86 0.86 0.74 0.85 0.90
ϑ ±0.1 ±0.1 ±0.1 ±0.2 ±0.1 ±0.1

CMR-NHD †
(DropOut)

µ 0.69 0.85 0.84 0.71 0.84 0.62
ϑ ±0.1 ±0.1 ±0.1 ±0.2 ±0.1 ±0.4

TS µ 0.25 0.30 0.23 0.02 0.10 -0.09
ϑ ±0.2 ±0.3 ±0.3 ±0.3 ±0.4 ±0.4

NuNo µ 0.17 0.20 0.13 0.09 0.17 0.08
ϑ ±0.2 ±0.3 ±0.3 ±0.5 ±0.5 ±0.5

Dispersion µ -0.03 -0.07 -0.17 -0.18 -0.29 -0.19
ϑ ±0.0 ±0.1 ±0.1 ±0.3 ±0.4 ±0.5

(a) Unsupervised

Metric Mito Nuclei

Kω Sε Pr Kω Sε Pr

CCFV µ -0.11 -0.16 -0.18 -0.03 -0.05 -0.16
ϑ ±0.1 ±0.1 ±0.1 ±0.3 ±0.4 ±0.5

NLEEP µ 0.41 0.49 0.39 0.11 0.12 0.32
ϑ ±0.4 ±0.5 ±0.3 ±0.1 ±0.1 ±0.2

LEEP µ 0.89 0.96 0.97 0.67 0.77 0.94
ϑ ±0.1 ±0.0 ±0.0 ±0.4 ±0.3 ±0.0

GBC µ 0.39 0.52 0.47 -0.13 -0.16 -0.08
ϑ ±0.1 ±0.1 ±0.2 ±0.3 ±0.4 ±0.4

LogME µ 0.08 0.10 0.06 -0.20 -0.28 -0.49
ϑ ±0.2 ±0.3 ±0.3 ±0.3 ±0.4 ±0.4

NCTI µ 0.21 0.28 0.37 0.29 0.25 0.30
ϑ ±0.2 ±0.2 ±0.2 ±0.5 ±0.6 ±0.3

RegHscore µ 0.24 0.34 0.37 0.35 0.36 0.34
ϑ ±0.2 ±0.4 ±0.3 ±0.4 ±0.4 ±0.3

(b) Supervised

Source
Prediction

Source
Data

Target
Prediction

EPFL
Target

Ground
Truth

H
m

ito
Rm

ito
Rm

ito

Source 
Model

UNETR

U-Net

Residual U-Net

Pe
rf

or
m

an
ce

 S
co

re
 (F

1)

CMR

Consistency vs Performance (EPFL Target)

Fig. 3: Correlation between F1 & CMR for Semantic segmentation (EPFL [54] target).

Tab. 1 shows all CMR variants exhibit strong linear and monotonic correla-
tions with performance across all target datasets. Comparable results between
input- and feature-space perturbations confirm both approaches provide e!ec-
tive ranking. For feature-space perturbations, we examined where in the network
they should be applied. Prior work [33, 57] suggests intermediate layers, where
representations contain the most redundant information. To test generality, we
applied TTD either to all layers (Mito) or only to the bottleneck (Nuclei). As
shown in Tab. 1 and Supp. 11, both strategies yield similarly strong correlations,
but with di!erent e!ective pd ranges.

Our model sets include networks trained both with and without data aug-
mentations; the consistently high CMR correlations indicate that ranking is un-
a!ected by source-domain augmentation strategies. “Hard” (CMR-NHD) and
“soft” (CMR-EI) metrics perform equivalently well for semantic segmentation
likely because the large number of pixel-wise predictions per image provides a
strong signal for the ranking score. UE methods [57] typically require multiple
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Table 2: Correlation on multi-class semantic segmentation of the ToothFairy2 dataset
|M| = 8. pval. < 0.05 (*), pval. < 0.01 (**).

Class
CMR-EI
(Gauss)

CMR-NHD
(Gauss)

CMR-EI
(DropOut)

CMR-NHD
(DropOut)

CMR-EI
(Gamma)

CMR-NHD
(Gamma) TS NuNo Dispersion

IA
C

s Kω 0.90 (**) 0.81 (**) 0.87 (*) 0.87 (*) 1.00 (**) 0.90 (*) 0.21 (0.2) 0.14 (0.4) 0.07 (0.4)
Sε 0.96 (**) 0.93 (*) 0.94 (**) 0.94 (**) 1.00 (**) 0.96 (**) 0.22 (0.1) 0.14 (0.2) 0.17 (0.3)
Pr 0.99 (**) 0.98 (**) 0.83 (*) 0.80 (0.1) 0.99 (**) 0.98 (**) 0.45 (0.1) 0.01 (0.4) 0.08 (0.3)

T
ee

th Kω 0.81 (**) 1.00 (**) 0.67 (0.1) 0.75 (0.1) 0.71 (*) 0.90 (**) 0.36 (0.1) 0.07 (0.3) 0.43 (*)
Sε 0.89 (*) 1.00 (**) 0.77 (0.1) 0.77 (0.1) 0.86 (*) 0.96 (**) 0.55 (0.1) 0.21 (0.2) 0.60 (*)
Pr 0.95 (**) 0.98 (**) 0.85 (**) 0.94 (**) 0.89 (**) 0.95 (**) 0.55 (*) -0.01 (0.4) 0.49 (0.1)

M
a
n
d
. Kω 0.62 (*) 0.52 (0.2) 0.87 (*) 0.87 (**) 0.43 (0.3) 0.81 (**) 0.09 (0.3) 0.07 (0.3) 0.18 (0.2)

Sε 0.82 (*) 0.68 (0.1) 0.87 (*) 0.94 (*) 0.54 (0.2) 0.89 (**) 0.17 (0.2) 0.12 (0.3) 0.25 (0.2)
Pr 0.73 (0.1) 0.65 (0.1) 0.89 (**) 0.96 (**) 0.74 (0.1) 0.80 (*) 0.02 (0.3) 0.23 (0.2) 0.38 (0.1)

S
in

u
s. Kω 0.43 (0.3) 0.81 (*) 0.87 (*) 0.83 (*) 0.43 (0.2) 0.90 (**) 0.57 (*) -0.07 (0.3) 0.34 (0.1)

Sε 0.50 (0.3) 0.89 (*) 0.84 (*) 0.94 (*) 0.57 (0.2) 0.96 (**) 0.64 (*) -0.05 (0.4) 0.35 (0.2)
Pr 0.38 (0.4) 0.73 (0.1) 0.88 (**) 0.90 (**) 0.38 (0.4) 0.98 (**) 0.53 (0.1) -0.01 (0.4) 0.54 (*)

O
v
er

a
ll Kω 0.71 (*) 0.90 (**) 0.93 (*) 0.73 (0.1) 0.81 (**) 1.00 (**) 0.33 (0.1) 0.25 (0.1) 0.28 (0.1)

Sε 0.86 (*) 0.96 (**) 0.95 (*) 0.83 (0.1) 0.89 (*) 1.00 (**) 0.49 (0.2) 0.28 (0.2) 0.50 (0.1)
Pr 0.93 (**) 0.98 (**) 0.93 (**) 0.93 (**) 0.90 (**) 0.96 (**) 0.55 (0.2) 0.26 (0.2) 0.44 (0.1)

inference runs (↔ 10). In contrast, we find that measuring consistency with a
single perturbation per test image is su"cient for reliable model ranking, re-
quiring only two inference passes per image. For both input and feature-space
perturbations, a broad range of perturbation strengths produces stable rankings
(see Supp. 11 ); therefore all main tables report results for a single perturbation
setting.

Fig. 3 illustrates CMR performance on the EPFL [54] mitochondria seg-
mentation dataset across a diverse set of architectures (U-Net, Residual U-Net,
UNETR) trained on multiple source datasets with and without input augmenta-
tions. Although models perform similarly on their respective source datasets,
transfer performance varies substantially, and simple source-target similarity
does not reliably predict ranking. For example, UNETR (2) and U-Net (3),
trained on the same Rmito dataset, show markedly di!erent target performance.
CMR captures both architectural properties and source-domain e!ects through
the learned weights, directly assessing model suitability for the target dataset.
While CMR generally correlates strongly with transfer performance, pathologi-
cal cases can cause mis-rankings. These occur primarily among low-performing
transfers where models exhibit “mode collapse” (predicting all foreground or
background), producing artificially high consistency. Such cases could be miti-
gated by combining consistency with cross-model prediction diversity to distin-
guish stable models from collapsed predictions.

Tab. 2 shows highly multi-class 3D experiments on a public challenge dataset
ToothFairy2 [12,13]. Here, both our CMR-EI and CMR-NHD metrics remain re-
liable, although CMR-NHD is slightly better, likely due to poor model calibration
on the challenge test set [64]. Correlation scores are computed after aggregating
semantically similar classes, i.e., averaging left/right Inferior Alveolar Canals into
IACs, the 32 teeth into Teeth, and left/right Maxillary Sinuses into Sinus. The
Overall score shows the mean across all 42 classes in the dataset. Tab. 2 also re-
ports three competitor metrics adapted to the 3D multi-class setting; since these
metrics are inherently multi-class, we report the correlation between the over-
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Table 3: Post-UDA correlation to semantic F1-
score |M| = 12. † notes our metric. Best per
group (Mean Teacher/AdaBN) and dataset in
bold. pval. < 0.05 (*), pval. < 0.01 (**).

Metric EPFL Hmito Rmito VNC
pval. pval. pval. pval.

CMR-EI †
Gauss

Kω 0.78 (**) 0.75 (**) 0.64 (*) 0.21 (0.4)
Sε 0.91 (**) 0.83 (**) 0.81 (**) 0.24 (0.4)
Pr 0.93 (**) 0.76 (**) 0.70 (*) 0.28 (0.4)

TS
Kω 0.45 (0.1) 0.42 (0.1) 0.38 (0.1) 0.00 (1.0)M

ea
n

T
ea

ch
er

Sε 0.57 (0.1) 0.57 (0.1) 0.50 (0.1) 0.05 (0.9)
Pr 0.44 (0.2) 0.56 (0.1) 0.70 (*) 0.03 (0.9)

CMR-EI †
Gauss

Kω 0.70 (**) 0.73 (**) 0.55 (*) 0.39 (0.2)
Sε 0.86 (**) 0.88 (**) 0.73 (**) 0.47 (0.2)
Pr 0.76 (**) 0.91 (**) 0.87 (**) 0.71 (*)

TS
Kω 0.50 (0.1) 0.50 (0.1) 0.39 (0.2) 0.17 (0.6)

A
d
a
B
N

Sε 0.67 (0.1) 0.73 (*) 0.65 (0.1) 0.27 (0.5)
Pr 0.90 (**) 0.81 (**) 0.89 (**) 0.34 (0.4)

Table 4: Mean correlation to In-
stance mAP over target datasets. †
notes ours. |MCells| = 8 to [26, 95,
96]), |MNuclei| = 5 to [5,16,43,52]).

Metric Cells Nuclei

µ ϑ µ ϑ

CMR-ARS †
(Gauss)

Kω 0.69 ±0.15 0.72 ±0.25
Sε 0.83 ±0.09 0.83 ±0.17
Pr 0.90 ±0.04 0.79 ±0.21

CMR-ARS †
(DropOut)

Kω 0.69 ±0.09 0.80 ±0.28
Sε 0.83 ±0.06 0.85 ±0.24
Pr 0.91 ±0.04 0.84 ±0.11

SEG
Kω 0.12 ±0.49 0.48 ±0.42
Sε 0.16 ±0.68 0.53 ±0.49
Pr 0.31 ±1.02 0.13 ±0.72

all metric ranking and the corresponding per-group model performance. Once
again, both input and feature space perturbations employed by our method yield
the strongest and most coherent rank correlations. Splitting the class-grouped
results reveals our metrics are e!ective and stable across a morphologically het-
erogeneous set of classes. Our results largely reproduce the challenge rankings
without access to target labels, suggesting a practical approach for self-assessing
challenge submissions when the test dataset is available. Notably, our metrics are
substantially more memory e"cient than competitors: also, the CMR-EI vari-
ant only requires the maximum probability of each voxel, i.e., predicted class,
whereas TS, NuNo, and Dispersion require storing all softmax probabilities,
which is prohibitive in 3D (e.g., more than 200GB for ToothFairy2 dataset).
UDA Validation. UDA may be applied to improve model performance, but
still requires ranking the adapted models. Tab. 3 shows ranking correlation
scores across four mitochondria datasets and two UDA methods: Mean Teacher
(MT) [81] self-supervised training and adapted batch normalisation (AdaBN)
[48]. We observe strong correlation between CMR and post-UDA F1-score on
EPFL, Hmito and Rmito for both MT and AdaBN, outperforming the previ-
ous SOTA for UDA validation, Transfer Score (TS) [98]. VNC exhibits lower
correlation scores for both CMR and TS metrics, particularly under the MT ap-
proach. For CMR, correlation scores are reduced by a few pathological models,
all with EPFL source, that consistently segment non-mitochondrial structures in
the target data, yielding stable but incorrect predictions and, consequently, low
task performance. This ’class confusion’ likely arises from specific distributional
di!erences between EPFL and VNC and from the inherent visual similarity of
distinct structures in microscopy images inducing class confusion during transfer
(see Supp. 11.5 for more detail).

Consistency regularisation in MT training reinforces this class confusion be-
tween visually similar, but distinct structures present in EPFL and VNC, vi-
olating the assumption that source and target models address the same task.
Hence, models can be ranked well under direct transfer but exhibit outlier be-
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Fig. 4: Instance segmentation: Correlation to mSA on Covid-IF [67] target.

haviour after MT self-training. This is further highlighted by the AdaBN UDA
approach, which lacks a consistency regularisation component and thus is less
a!ected, resulting in higher correlation scores. Post-UDA ranking is inherently
more challenging, as target data becomes part of the model’s adapted ‘source’
distribution, potentially reducing the impact of perturbations used in CMR es-
timation, yet our approach maintains good correlation.

5.2 Instance Segmentation

Instance segmentation model ranking remains largely unexplored. Unlike seman-
tic segmentation, instance outputs consist of unordered sets of masks with no
fixed correspondence to feature representations, making previously compared
transferability metrics inapplicable. Tab. 4 reports correlation with mean Aver-
age Precision (mAP@[0.5:0.95]) [50] for our CMR-ARS method and the ensemble-
based SEG method across two tasks and seven target datasets (see Supp. 8 for
model details). SEG requires two hyperparameters: the agreement ratio ar defin-
ing ensemble consensus for pseudo ground truth and the centroid dilation radius
r. Following [78] we set ar = 0.75 and estimate r as half the mean instance
size from a small random sample, reflecting a realistic unsupervised setting.
However, SEG proves highly sensitive to these parameters, as reflected by the
large variance (ϑ) values (see Supp. 12.3 ). In contrast, CMR-ARS shows consis-
tently strong correlations with performance under both input and feature-space
perturbations, outperforming SEG across all targets. A key advantage of CMR-
ARS is that it evaluates instance segmentations directly at the pixel level using
the Rand score. In contrast, SEG reduces each instance to a circularly dilated
centroid and measures object detections only, which is insensitive to pixel-level
quality di!erences and problematic for elongated or irregular biomedical objects.
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Since CMR relies only on output consistency, it can compare models with
arbitrary instantiation strategies. Fig. 4 illustrates a realistic ranking scenario
on the Covid-IF cell segmentation dataset using several widely used models:
µSAM [3] with 3 transformer backbones (ViT-T, ViT-B, ViT-L), Cellpose-SAM
[65], and the specialist U-Net model “Powerful-Chipmunk” [67] from the BioIm-
age Model Zoo [63]. Despite substantial di!erences in architecture and instance
generation strategies, CMR accurately reproduces the true mean Segmentation
Accuracy (mSA) [24] ranking across this diverse model set (Fig. 4), demonstrat-
ing e!ective unsupervised model selection in a realistic repository setting.

6 Limitations and Conclusion

This work introduces a Consistency-based Model Ranking (CMR) method for
semantic and instance segmentation that is source-free, unsupervised, and model-
agnostic. Our rankings strongly correlate with true target-domain model perfor-
mance across diverse segmentation tasks and model types, both under direct
application and after unsupervised domain adaptation, while requiring only two
inference passes on unlabelled target data. The resulting combination of accu-
racy, e"ciency, and conceptual simplicity makes CMR well suited for practical
model selection in repository settings with heterogeneous pre-trained models.

Like other transferability metrics, CMR assumes alignment between source
and target tasks, which may be violated for highly generalist models without
explicit task specification (e.g., µSAM and Cellpose-SAM). A more detailed dis-
cussion on cases of ‘task misalignment’ can be found in Supp. 12.5. In addition,
the current formulation aligns most closely with pixel-wise evaluation metrics
such as F1 or mAP; boundary-sensitive metrics could be incorporated through
pixel-importance weighting within the consistency calculation. Importantly, we
never observed low consistency, but high-performance models, supporting our
method’s validity. More broadly, we believe that unsupervised ranking methods
such as CMR can enable scalable model reuse and benchmarking in emerging
model repositories, supporting wider adoption of segmentation models in do-
mains where labelled data remains scarce.
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