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Abstract

Deep neural networks have become the go-to method for
biomedical instance segmentation. Generalist models like
Cellpose demonstrate state-of-the-art performance across
diverse cellular data, though their effectiveness often de-
grades on domains that differ from their training data.
While supervised fine-tuning can address this limitation, it
requires annotated data that may not be readily available.
We propose SelfAdapt, a method that enables the adaptation
of pre-trained cell segmentation models without the need
for labels. Our approach builds upon student-teacher aug-
mentation consistency training, introducing L2-SP regular-
ization and label-free stopping criteria. We evaluate our
method on the LiveCell and TissueNet datasets, demonstrat-
ing relative improvements in AP0.5 of up to 29.64% over
baseline Cellpose. Additionally, we show that our unsuper-
vised adaptation can further improve models that were pre-
viously fine-tuned with supervision. We release SelfAdapt
as an easy-to-use extension of the Cellpose framework.
The code for our method is publicly available at https:
//github.com/Kainmueller-Lab/self_adapt.

1. Introduction
Deep neural networks have become a widely applied
approach for cell instance segmentation in microscopy
data. In particular, generalist models such as Cellpose
[20], StarDist [17], Mesmer [5] and Micro-SAM [1] have
emerged as powerful segmentation tools, capable of han-
dling a broad range of imaging modalities. These mod-
els are trained on diverse datasets and achieve state-of-the-
art generalization performance. Nevertheless, their perfor-
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mance still often drops significantly on domains which dif-
fer from their training data [14, 18]. This limitation is
particularly pronounced in biomedical imaging, where new
data is often "out-of-domain" due to the wealth of cell types
and tissues considered in biomedical research, highly di-
verse protocols for sample preparation, and continuously
evolving imaging modalities – with potentially significant
impact on model performance.

To address performance degradation caused by domain
shifts, domain adaptation (DA) methodology seeks to adapt
a model trained on a source domain to an unlabeled or
sparsely labeled target domain. Traditional approaches for
domain adaptation rely on supervised fine-tuning on the
target domain [14], autoencoder pre- or auxiliary training
[4, 6, 15] on source and target domain, and domain adver-
sarial learning [3, 6]. However, these approaches require
either labeled data from the target domain, or labeled data
from the source domain, or at least image data from the
source domain. This makes them unsuitable for adapting
off-the-shelf models: First, acquiring labeled target anno-
tations in biomedical applications is often prohibitively ex-
pensive and time-consuming, requiring expert knowledge
and extensive resources; Second, off-the-shelf models usu-
ally do not ship with their training data.

This challenge is addressed by source-free unsupervised
domain adaptation (UDA), which enables adaptation with-
out any access to source data nor target labels. In particular,
student-teacher frameworks with exponential moving aver-
age (EMA) updates [21] have shown strong potential for
improving model generalization. These methods maintain a
teacher model that is iteratively updated via EMA and used
to generate pseudo-labels for a student model, allowing the
network to learn from unlabeled samples. Techniques like
FixMatch [19] and ACTIS [16] further enhance this process
by enforcing consistency between a student’s predictions
under different augmentations, extracting reliable training
signals from unlabeled data. While originally showcased
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in semi-supervised scenarios where the UDA objective is
complemented by small sets of labeled target data, Archit
and Pape [1] show that these approaches can be adapted
for pure source-free UDA scenarios in bio-medical applica-
tions; However, to do so, their method relies on a special-
ized architecture for uncertainty quantification [7] and thus
does not lend itself to off-the-shelf pre-trained models.

To fill this gap, we propose SelfAdapt, a source-free
UDA framework whose core training procedure is appli-
cable to any model trained for pixel-wise classification-
and/or regression tasks. We showcase this framework on
cell instance segmentation, for which we also introduce and
evaluate two distinct label-free stopping criteria: a general,
representation-based metric (embedding distance) and an
instance-specific metric (False Negative rate). SelfAdapt
expands over ACTIS [16], which only considered mod-
els trained for pixel-wise classification tasks. By incorpo-
rating regression targets, SelfAdapt becomes applicable to
many popular cell segmentation models, including Cellpose
[14, 20], Stardist [17], and Mesmer [5]. We further expand
over ACTIS by introducing L2-SP regularization [10] into
the objective: L2-SP regularization constrains the adapted
weights to stay close to their pre-trained values, thus serv-
ing to replace the regularizing effect of ACTIS’s supervised
component without compromising training stability.

We showcase SelfAdapt by applying it to Cellpose, ar-
guably the most widely used off-the-shelf cell instance seg-
mentation model, improving over the generalist baseline by
large margins. Interestingly, our results even suggest im-
provements over off-the-shelf fine-tuned Cellpose models,
i.e., models adapted to the target domains in a traditional
supervised fashion [14].

In summary, our key contributions are:
1. SelfAdapt, an easy-to-use, label-free UDA method fea-

turing a broadly applicable L2-SP-regularized training
procedure and two distinct early stopping criteria: a gen-
eral embedding-based metric and another tailored for
instance-based tasks.

2. Seamless integration of SelfAdapt into the Cellpose
framework for immediate deployment to the community.

3. Comprehensive evaluation on multiple cellular imag-
ing datasets, demonstrating substantial performance im-
provements over generalist as well as fine-tuned Cell-
pose baselines.

2. Method

2.1. Augmentation Consistency Training
SelfAdapt builds upon ACTIS [16], a student-teacher
framework [21] that enforces augmentation consistency,
i.e., consistency between predictions on strongly and
weakly augmented views of the input data, and employs
teacher-generated pseudo labels [9, 19]. ACTIS further

advances this training framework for cell instance seg-
mentation by introducing a confidence-based loss mask-
ing scheme that filters uncertain predictions, combined with
temporal ensembling [8] that improves pseudo-label quality
through prediction averaging.

Following ACTIS, SelfAdapt’s teacher model gener-
ates pseudo-labels by averaging predictions across multiple
weakly augmented versions of an input image. Specifically,
we apply flips and 90-degree rotations as weak augmenta-
tions, compute predictions for each transformation, and ap-
ply inverse transformations before averaging the outputs.

We further follow ACTIS in their confidence-based loss
masking scheme, which applies to pixel-wise classification
outputs. Expanding upon ACTIS, we also tackle pixel-wise
regression outputs, using standard deviation across the dif-
ferent teacher predictions, i.e., a standard measure for re-
gression uncertainty, as filtering criterion. For each scalar
regression target, we maintain a moving average of the 80th
uncertainty percentile to determine reliable regions. The
student model, receiving strongly augmented inputs with
intensity adjustments, contrast changes, blurring and Gaus-
sian noise, is trained using a weighted combination of mean
squared error for regression targets and cross-entropy loss
for classification targets:

Lself = LCE(pstudent, pteacher) ·Mp

+ λbal · LMSE(fstudent, fteacher) ·Mf ,
(1)

where p represents class probability maps, f represents re-
gression output predictions, Mp and Mf are binary masks
excluding pixels with uncertainty above the threshold, and
λbal balances the contribution of regression- vs. classifica-
tion outputs. Only pixels with uncertainty below our dy-
namic threshold contribute to the loss, thus steering training
to focus on reliable regions.

2.2. L2-SP Regularization
To preserve the features learned during pre-training while
allowing for domain-specific adaptations, we employ L2-SP
regularization [10] alongside standard weight decay. The
L2-SP regularization term is defined as:

LL2-SP = λL2-SP

∑
i

(wi − w0
i )

2 , (2)

where wi represents the current weights, w0
i denotes the ini-

tial pre-trained weights, and λL2-SP controls the regulariza-
tion strength. This term explicitly encourages the model to
maintain proximity to its initialization, serving to stabilize
training in place of the supervised sub-objective of ACTIS.

2.3. Label-free Early Stopping Criteria
In fully unsupervised learning scenarios, determining the
optimal stopping point is a critical challenge. While man-
ual inspection is an option, it is subjective and not scalable.
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Figure 1. Overview of SelfAdapt. a) Generalist Cellpose model showing limited performance on a target domain, while our adapted
model improves segmentation accuracy. b) Student-teacher framework with strong augmentations for the student and weak augmentations
(flip+rotate) for the teacher, coupled with EMA updates and L2-SP regularization. c) Early stopping mechanism based on embedding
distances from initial model. d) Performance comparison showing AP0.5 improvements across datasets.

To address this, we propose an approach that relies on two
label-free metrics to signal when to stop training.

The first is the False Negative (FN) rate, adapted
from [13], which tracks the fraction of instances detected by
the initial model (θ0) that are missed by the current model
(θt). It is defined as:

FNrate(t) =
FN(t)

TP(t) + FN(t)
. (3)

Here, TP(t) are instances detected by both the initial and
current models, while FN(t) are instances detected initially
but missed by the model at iteration t.

The second is the mean Euclidean distance (Demb) be-
tween the current and initial bottleneck feature embeddings
(E) across the validation set:

Demb(t) =
1

N

N∑
i=1

||E(xi; θt)− E(xi; θ0)||2. (4)

In this formulation, E(xi; θt) is the bottleneck feature em-
bedding for an input image xi from the model with its cur-

rent weights, which is compared against E(xi; θ0), the cor-
responding embedding from the initial, pre-trained model.
This distance is then averaged over all N images in the val-
idation set.

We selected these two metrics after a systematic investi-
gation of a broader set of candidates, including other output-
based metrics (e.g., prediction confidence, uncertainty) and
representation-based metrics (e.g., proximity to source em-
beddings). A detailed analysis comparing these candidates
and justifying our selection is presented in the Results sec-
tion (Sec. 3.2).

Finally, the two selected criteria were calibrated on a rep-
resentative dataset to establish general-purpose thresholds,
which are used in all subsequent experiments.

3. Results
3.1. Experimental Setup
We evaluate SelfAdapt by adapting state-of-the-art Cellpose
models on three challenging benchmarks: cytoplasm seg-
mentation on the LiveCell dataset [2], and both cytoplasm
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Figure 2. Analysis and selection of label-free early stopping criteria. We compare candidate metrics on a representative adaptation run
(TissueNet Nuclei). The vertical black line indicates the iteration with the peak "oracle" performance on the test set. (a, b) Many intuitive
metrics are unsuitable. Prediction confidence (a) increases monotonically as the model overfits, while proximity to the source domain (b)
offers no clear stopping point and violates our source-free requirement. (c, d) In contrast, our chosen metrics provide a reliable signal.
The drift in instance detection, measured by the FN Rate (c, blue line), and the drift in feature space, measured by the embedding distance
Demb (d), both produce monotonic curves with a clear, steady trend, making them ideal for thresholding.

Table 1. Performance comparison on LiveCell and TissueNet datasets. Our self-adaptation method improves both base and fine-tuned
models, using three stopping criteria: False Negatives rate (FN), Embedding distance (Emb), and test-based maximum. Results show
AP0.5 scores with standard deviations over three runs. For TissueNet (Nuclei), no fine-tuned model is available by [14]

Model
LiveCell

(Cytoplasm)
TissueNet

(Cytoplasm)
TissueNet
(Nuclei)

Cellpose base model .415 .324 .603
+ SelfAdapt(Early Stop: FN) .480 ± .008 .394 ± .014 .759 ± .001
+ SelfAdapt(Early Stop: Emb) .503 ± .003 .391 ± .013 .754 ± .003
+ SelfAdapt(Test Max) .538 ± .002 .395 ± .015 .760 ± .001

Cellpose fine-tuned model .695 .750 n/a
+ SelfAdapt(Early Stop: FN) .693 ± .004 .752 ± .001 n/a
+ SelfAdapt(Early Stop: Emb) .704 ± .001 .755 ± .000 n/a
+ SelfAdapt(Test Max) .705 ± .002 .763 ± .000 n/a

and nuclei segmentation on TissueNet [5]. To ensure fair
comparison, we train on the official training set and report
performance on the test set for each benchmark. All exper-
iments are run three times with different random seeds, and
we report the mean and standard deviation of the Average
Precision at an IoU of 0.5 (AP0.5) [12]. We selected this

metric as it is a common standard for cell instance segmen-
tation and the primary metric used in the original Cellpose
papers [14, 20], ensuring a direct and fair comparison with
the baseline models.

Our implementation details are as follows: We train
for 25,000 iterations with a batch size of eight. The
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Figure 3. Qualitative comparison of segmentation results. Each column shows results on a different dataset: LiveCell (Cytoplasm),
TissueNet (Cytoplasm), and TissueNet (Nuclei). For each dataset, we show the input image (top), ground truth segmentation (second row),
baseline Cellpose predictions (third row), and predictions after self-adaptation (bottom row). Insets highlight cases where self-adaptation
improves detection of previously missed cells (LiveCell, TissueNet Cytoplasm) and better separation of adjacent cells (TissueNet Nuclei).

Table 2. Ablation study examining the impact of key components in our method. Removing student augmentations or L2-SP regularization
significantly impacts performance, while other components show more moderate effects.

Ablations AP0.5 split by dataset

Confidence
Filtering

Teacher
TTA

L2-SP
Loss

Student
Augmentations

LiveCell
(Cytoplasm)

TissueNet
(Cytoplasm)

TissueNet
(Nuclei)

✓ ✓ ✓ ✓ .538 ± .002 .395 ± .012 .760 ± .001
✗ ✓ ✓ ✓ .537 ± .004 .393 ± .006 .760 ± .001
✓ ✗ ✓ ✓ .536 ± .001 .395 ± .013 .759 ± .001
✓ ✓ ✗ ✓ .528 ± .005 .391 ± .021 .642 ± .009
✓ ✓ ✓ ✗ .451 ± .005 .357 ± .004 .615 ± .002

AdamW [11] optimizer is used with a weight decay of
0.001. The learning rate follows a linear warm-up and
a cosine annealing schedule. For our loss function, we
set the balancing weight λbal = 0.5. The L2-SP regu-
larization strength, λL2-SP , was tuned based on the spe-
cific model-dataset combination. For the results in Table 1,
the values were set as follows: a strong regularization of

λL2-SP = 10−2 was used for the TissueNet (Nuclei) model
and the fine-tuned TissueNet (Cytoplasm) model. A mod-
erate value of 10−4 was used for the base models on Live-
Cell and TissueNet (Cytoplasm). Finally, a weaker regular-
ization of 10−5 was applied when adapting the fine-tuned
LiveCell model. The teacher model is updated via EMA
with α = 0.99. For cytoplasm and nuclei segmentation, we
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use the generalist ’cyto2’ and ’nuclei’ Cellpose models, re-
spectively. For experiments on already fine-tuned models,
we use the domain-specific checkpoints provided by Cell-
pose 2.0 [14].

3.2. Analysis and Selection of Early Stopping Cri-
teria

As outlined in Sec. 2.3, our method relies on automated,
label-free criteria to determine when to stop adaptation. To
justify our choice, we performed a detailed analysis on a
representative adaptation run (TissueNet Nuclei), compar-
ing numerous candidate metrics against the true test set per-
formance (the "oracle"). Our findings are summarized in
Figure 2.

We first investigated metrics derived directly from the
model’s output. A naive approach is to monitor prediction
confidence, such as the mean cell probability. However, this
proved highly unreliable (Fig. 2a). We observed that confi-
dence increased monotonically throughout training, contin-
uing to rise even as the true performance degraded. We also
explored more sophisticated uncertainty measures, such as
the variance in predictions across multiple test-time aug-
mentations (TTA). While these metrics were not always
monotonic, their peaks and troughs did not correlate with
the oracle performance peak, often providing a misleading
signal for when to stop.

Next, we evaluated metrics based on the model’s inter-
nal feature representations. One hypothesis was that the
adapted target embeddings should move closer to the gen-
eral feature space of the source domain. As shown in
Fig. 2b, this proximity (measured by Euclidean distance)
does indeed provide a smooth monotonic signal. However,
this approach has two critical drawbacks: it violates our
core source-free constraint by requiring access to the orig-
inal training data, and as we will show, a source-free alter-
native provides an equally reliable signal.

This analysis led us to select two metrics that are both
source-free and reliably track model drift from its stable,
pre-trained state. The first is the False Negative (FN) rate
(Fig. 2c), a self-consistency metric that measures the frac-
tion of initially detected instances that the model "forgets"
over time. The second is the mean Euclidean distance,
Demb (Fig. 2d), which measures the drift of the model’s
feature embeddings from their robust initial state. Both of
these metrics provide predictable, monotonic curves that are
ideal for setting a threshold, without needing access to la-
bels or source data. We note that while the FN rate is effec-
tive, it is most reliable when the initial model does not suffer
from severe over-segmentation; in such cases, the instance-
independent Demb metric provides a more robust signal.

Based on this comprehensive analysis, we calibrated
general-purpose thresholds of τFN = 0.05 and τemb = 0.5.
These fixed, pre-calibrated thresholds are used in all subse-

quent experiments to demonstrate a truly automated adap-
tation pipeline.

3.3. Adaptation Performance
Table 1 presents the main quantitative results of our method.
On all three benchmarks, the baseline Cellpose models
show a significant performance drop compared to super-
vised models. Our method, SelfAdapt, substantially closes
this gap. When using the oracle "Test Max" as an upper
bound, SelfAdapt improves the AP0.5 by relative margins
of 29.6% on LiveCell, 21.9% on TissueNet (Cytoplasm),
and 26.0% on TissueNet (Nuclei).

Crucially, our automated label-free stopping criteria, us-
ing fixed thresholds calibrated on a separate representative
run, capture a large portion of these potential gains. We val-
idated this by applying the fixed thresholds (τFN = 0.05,
τemb = 0.5) across all test runs. On the TissueNet (Nuclei)
dataset, the same domain used for calibration, the FN and
Embedding Distance criteria achieve 99.4% and 96.2% of
the maximum possible improvement, respectively.

More importantly, these fixed thresholds generalize re-
markably well to entirely new datasets. For TissueNet (Cy-
toplasm), the FN and Embedding Distance criteria capture
98.6% and 94.4% of the maximum possible gain. For the
visually distinct LiveCell dataset, the Embedding Distance
criterion is particularly effective, achieving 71.5% of the
maximum possible improvement, while the FN criterion
still captures a substantial 52.8%. This demonstrates that
our pre-calibrated thresholds can be used "off-the-shelf" to
effectively adapt models to new domains without any labels
or further tuning.

Interestingly, SelfAdapt can even further refine models
that have already been fine-tuned with supervision (Table 1,
bottom). For example, the Embedding Distance criterion
further improves the fine-tuned LiveCell model, capturing
90.0% of the small remaining performance gap. While this
demonstrates the robustness of our method, we note that
in a supervised fine-tuning scenario, labeled validation data
would typically be available, making automated label-free
stopping less critical.

Figure 3 provides a qualitative view of these improve-
ments. SelfAdapt enables the detection of cells missed by
the baseline model and improves the separation of adjacent
cells that were previously merged, corroborating the quan-
titative gains.

3.4. Ablation Study
To understand the contribution of each component of Self-
Adapt, we conducted an ablation study (Table 2). The re-
sults highlight two critical components: strong student aug-
mentations and L2-SP regularization. Removing student
augmentations leads to a collapse in performance, as the
student-teacher framework has no meaningful discrepancy
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to learn from. Removing L2-SP regularization is also highly
detrimental, especially for the TissueNet (Nuclei) dataset,
where it causes a 15.5% relative performance decrease.
This confirms that constraining the model to stay close to its
powerful initial weights is key for stable unsupervised adap-
tation. In contrast, confidence filtering and teacher test-time
augmentation (TTA), while beneficial, have a more moder-
ate impact.

4. Conclusion
We presented a practical method for unsupervised domain
adaptation of cell segmentation models that enables imme-
diate adaptation to new domains without requiring labels.
Our approach combines augmentation consistency-based
training with L2-SP regularization, demonstrating substan-
tial improvements over baseline performance across mul-
tiple cellular image segmentation tasks. The success of
L2-SP regularization suggests that for powerful generalist
models like Cellpose, explicitly preventing the model from
drifting too far from its robust initial weights is a key factor
for stable adaptation, especially when learning from noisy
pseudo-labels. The method proves effective not only for
adapting base models but also for further improving super-
vised fine-tuned models.

SelfAdapt features a default, "off-the-shelf" early stop-
ping criterion as determined via our experiments. At the
same time, users can also leverage manual early stopping
/ snapshot selection and re-use respective inferred stopping
criteria as they see fit.

We ship SelfAdapt as an easy-to-use extension of the
Cellpose framework, requiring minimal setup while main-
taining full compatibility with Cellpose’s extensive func-
tionality. This contribution aims to make domain adaptation
more accessible to the biomedical research community, en-
abling improved cell segmentation across diverse imaging
conditions without the need for additional annotations.
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