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Abstract. Unsupervised domain adaptation (UDA) based on genera-
tive adversarial networks (GANs) or diffusion models has recently demon-
strated impressive performance in various medical imaging tasks, includ-
ing nucleus or cell detection in cross-modality microscopy images. How-
ever, these UDA methods often do not consider low-resource settings
in the target domain, i.e., only limited target training data is available.
Therefore, they suffer from significant performance degradation in low-
data regimes. In this paper, we propose a novel one-sided UDA method
for low-resource nucleus detection in cross-modality microscopy images.
Specifically, we design and incorporate a new masked contrastive learn-
ing module into a one-sided GAN for unpaired image translation, which
explicitly encourages consistent feature encoding between corresponding
source and translated patches. This module is further coupled with a
nucleus detector to jointly augment the discriminator and foster seman-
tic content preservation during image translation for domain adaptation.
We evaluate the method on multiple public cross-modality microscopy
image datasets. In low-data regimes, the method provides significantly
superior nucleus detection performance to the reference baseline and re-
cent state-of-the-art approaches, including those diffusion-based models.

Keywords: Domain adaptation · Low resource · Nucleus detection.

1 Introduction

Deep neural networks have been applied to nucleus/cell detection in microscopy
imaging data, but they often do not generalize well on cross-modality images due
to domain shifts. Domain adaptation methods [13, 15, 3, 28], especially those un-
supervised domain adaptation (UDA) approaches based on generative adversar-
ial networks (GANs) or diffusion models, have produced impressive performance
in various medical imaging tasks [7, 18, 41, 19, 22, 23, 10, 36, 37, 2, 30], including
cross-modality or -domain microscopy image analysis [5, 26, 11, 34].

Current UDA methods often assume that the target domain has sufficient
unannotated training data available, but this assumption does not always hold
in real-world applications, particularly for underrepresented groups of patients
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or rare diseases like neuroendocrine tumors (NETs). Those GAN- or diffusion-
based UDA approaches suffer from significant performance degradation in low-
resource settings, i.e., target training data is scarce, because training a GAN or
diffusion model typically requires a large amount of data [40, 20, 38, 16]. A recent
study has improved a dual GAN for domain adaptation with limited target data
[34]. However, this method requires two generator-discriminator pairs for image-
to-image translation, which exhibit a high computational cost. In addition, its
cross-domain prediction consistency [8] relies on high-quality target-to-source
translated images to generate good pseudo-labels for target images, but this is
challenging due to limited training data. Therefore, the generated pseudo-labels
may not serve as reliable supervision signals for model learning.

In this paper, we propose a novel low-resource UDA method for generalizable
nucleus detection in cross-modality microscopy images. Instead of relying on a
dual GAN that performs bidirectional image translation, we design and incor-
porate a new masked contrastive learning (MCL) module into a one-sided GAN,
which enables fast, single-directional image translation in low-data regimes. We
combine this MCL module with a nucleus detector to jointly augment the dis-
criminator and enhance generator learning for semantic content preservation
during image translation. In addition, we apply differentiable data augmentation
to the data-limited target domain for explicit alleviation of discriminator overfit-
ting. We evaluate the proposed method with multiple public and in-house cross-
modality microscopy image datasets. Our method significantly outperforms the
reference baseline and multiple state-of-the-art domain adaptation approaches
in low-resource settings, including recent diffusion-based models.

2 Methodology

Fig. 1 presents an overview of the proposed low-resource UDA framework. The
generator G first translates source images into target-style images, which are
then used to learn a target-domain nucleus detector R. A novel MCL module
is incorporated into the framework to explicitly promote consistent feature en-
coding between corresponding patches of real and translated source images. This
MCL module cooperates with the nucleus detector R to supplement the discrim-
inator D and provides the generator G with additional supervision signals for
enhanced model training with limited data. The framework applies differentiable
data augmentation to real target images and translated, target-style images to
reduce discriminator overfitting and further improve generator learning.

Problem Definition Let (XS ,Y S) = {(xi
S ,y

i
S)}NS

i=1 denote the source training
data with NS pairs of images and associated gold-standard labels. For each
source image xi

S ∈ RH×W×C , where H, W and C represent the height, width and
channels of the image respectively, its label yi

S ∈ RH×W is a 2D heatmap with
each position (u, v) calculating its value using the formula [32, 33]: yi

S(u, v) =

(eα(1−di(u,v)/ϵ)−1)/(eα−1) if di(u, v) ≤ ϵ; otherwise, yi
S(u, v) = 0. The di(u, v) is

the Euclidean distance between position (u, v) and its nearest annotated nucleus
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Fig. 1. Overview of the proposed framework. G (composed of Genc and Gdec), D and
R denote the generator, discriminator and nucleus detector, respectively. MLP is the
multilayer perceptron and A represents the differentiable data augmentation module.
LADV , LDET and LMCL are the losses for adversarial learning, nucleus detection and
contrastive learning, respectively. p/p+/p−: query/positive/negative patches.

center, ϵ=16 is a distance threshold to define the spatial support, and α=3
controls the exponential decay rate. Let XT = {xi

T }NT
i=1 represent NT unlabeled

target training images, where NT ≪ NS . With (XS ,Y S) and XT , the proposed
framework aims to learn a nucleus detector for unseen target images.

2.1 Masked Contrastive Learning for Low-Resource UDA

Nucleus or cell detection in cross-modality microscopy images often does not
have paired data available. Current pixel-space UDA methods usually adopt a
dual-model framework for unpaired image translation, mainly based on cycle-
consistent GANs [7, 18, 26, 33, 34] or diffusion models [29, 35, 9, 43]. However,
these methods are not suitable for low data regimes due to discriminator overfit-
ting in GANs [40, 20] or failure in denoising score matching in diffusion models
[38, 16]. Inspired by previous work [4, 25, 6], we address this issue from a differ-
ent viewpoint: incorporating an auxiliary task of instance discrimination into a
one-sided GAN to enable model training with limited data. To this end, we intro-
duce a novel MCL module, in conjunction with the GAN’s discriminator, to allow
single-directional, source-to-target image translation for fast domain adaptation.
Specifically, we tailor a recent patchwise contrastive learning technique [25] for
cross-modality nucleus detection with the following significant improvements: 1)
Apply a binary mask to patch sampling such that query and positive patches
are cropped from only nucleus regions, while negative patches are extracted from
other areas. Unlike natural images where foreground objects typically account
for a large proportion of each image, nucleus images often have much smaller
nucleus regions than the background. Thus, random patch sampling without
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masking [25] may prioritize feature learning for image background. 2) Extend
the contrastive learning from image translation to object detection by combin-
ing it with the task-specific supervised learning of nucleus detection and jointly
augmenting the discriminator for enhanced generator learning (see Section 2.2).

We place the MCL module, termed M , on top of the generator’s encoder
Genc to encourage consistent feature encoding between corresponding patches
in original image xi

S and its translated output G(xi
S). This is based on the

intuition that a patch in G(xi
S) should look more similar to its corresponding

patch at the same spatial position of the input image xi
S , compared with other

random patches. This module takes as input feature maps from multiple layers of
the generator’s encoder Genc , and then feeds them into a multilayer perceptron
(MLP) for instance discrimination. Specifically, for each query patch p in G(xi

S),
its associated positive patch p+ is extracted at the same location of xi

S and k
negative patches {p−

j }kj=1 are cropped at other positions. Note that a binary
mask zi

S ∈ RH×W is used to constrain the patch sampling, i.e., query and
positive patches are sampled from nucleus regions, while negative ones are from
the background. Here the mask zi

S(u, v) = 1 if yi
S(u, v) > 0, and 0 otherwise. We

learn the MCL by promoting similarity between each query and its corresponding
positive patch, while driving separation from negative patches. We achieve this
by optimizing an InfoNCE loss [24] to solve a (k+1)-way classification problem

LMCL = E(xS ,yS)∼(XS ,Y S)

[
− log

(
eq·q

+/τ

eq·q+/τ +
∑k

j=1 e
q·q−

j /τ

)]
, (1)

where E is the expectation operator, · represents the dot product and τ de-
notes a temperature parameter to control the softness of the distribution. q =
M (Genc(p)) is the feature presentation of patch p. Note that for each query
patch, its positive and negative patches are cropped from the same input image
xi
S . This internal patch sampling strategy does not require a memory bank or

a large dictionary that is adopted in other commonly used contrastive learning
methods [14, 31], thus leading to improved memory consumption. Compared with
previous work [25], the MCL pays more attention to nucleus regions. In addition,
the MCL module enables unpaired image translation with only one generator-
discriminator pair, therefore significantly reducing the number of learnable pa-
rameters in comparison with those CycleGAN-style approaches [7, 18, 26, 33, 34].

2.2 Joint Discriminator Augmentation

Eqn. (1) uses an auxiliary task of instance discrimination to improve generator
learning with limited data for domain adaptation. This does not explicitly en-
force the generator G to preserve semantic content with respect to prediction
of nucleus labels. To address this issue, we combine the instance discrimination
with the primary task, nucleus detection, to jointly enhance generator learning
by directly using gold-standard nucleus labels as another supervision signal. In
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this way, the generator G receives gradient information from the MCL mod-
ule M and the nucleus detector R, in addition to the GAN’s discriminator D .
This joint discriminator augmentation can enhance the gradient flow into the
generator G and improve model training in low-resource settings.

For an input source image xi
S , the generator G and the discriminator D

compete with each other for model learning by optimizing an adversarial loss
[12], LADV . Meahwhile, the nucleus detector R takes as input the translated im-
age G(xi

S) to minimize a weighted mean squared error (MSE) [32], LDET , with
yi
S as the supervision label. More importantly, the detector R cooperates with

the MCL module M within a single GAN framework for generator learning:
the module M encourages consistent feature encoding between corresponding
patches, while the detector R enforces the generator G to preserve nuclei during
image translation. They augment the discriminator D from different aspects and
simultaneously backpropagate gradients to G with additional supervision infor-
mation. To explicitly alleviate discriminator overfitting, the framework applies
a differentiable data augmentation module A [20] to both G(xi

S) and xi
T before

sending them to D . Formally, the proposed framework is formulated as

L = LADV + LDET + λLMCL, (2)

LADV = ExT∼XT
[logD(A(xT ))] + ExS∼XS

[log(1−D(A(G(xS))))], (3)

LDET = E(xS ,yS)∼(XS ,Y S)[||(yS + βȳS)
1/2 ⊙ (R(G(xS))− yS)||2F ], (4)

where λ is a weighting parameter for the MCL. The ȳS ∈ RH×W is a matrix
with all elements equal to the mean value of yS . The β controls the importance
of nucleus regions, and ⊙ represents the element-wise multiplication operator.
Eqn. (2) not only allows the GAN to perform fast one-sided image translation,
but also enforces it to directly adopt gold-standard nucleus labels to guide im-
age translation in low-resource settings. This is different from other augmented
GANs [7, 18, 33] that do not consider limited training data or joint discriminator
augmentation. Another significant benefit of Eqn. (2) is elimination of the cross-
domain prediction consistency constraint [8, 34], which heavily relies on good
target pseudo-label generation and is difficult to achieve in low-data regimes.
Finally, this modeling applies data augmentation to only the data-scarce target
domain but not the data-rich source domain. Unlike the prior work [34] that
uses a series of image transformations on both source- and target-domain data,
our design avoids additional computational burden during model training.

3 Experiments

Datasets We evaluate the proposed method using 4 cross-modality microscopy
image datasets. The immunohistochemistry (IHC)-stained breast cancer dataset
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Fig. 2. The precision-recall curves of the ablation study on different target datasets.

[17] is acquired with bright-field microscopy imaging, containing over 1330 im-
ages with 803 as the training set. Another IHC dataset (termed IHC) has 60
gastrointestinal NET images. The DAPI-stained fluorescence dataset (Fluo) [27]
contains 120 colon tissue images, and the cervical cancer dataset (PC) [1] in-
cludes 22 phase-contrast microscopy images without chemical staining. We select
the large-scale breast cancer dataset as the source domain and the others as tar-
get datasets. Following [32, 34], we randomly select 50% of each target dataset for
model evaluation, and randomly choose one image from the rest 50% for model
training in low-resource settings [34]. We employ precision, recall, F1 score, and
area under precision-recall curve (PRAUC) for model evaluation [32, 34].

Implementation Details We choose the network architectures in CycleGAN
[42] to implement our generator and discriminator, use an encoder–decoder net-
work [32] as the nucleus detector, and adopt a two-layer MLP for the MCL
module. The detector’s encoder has 4 residual learning blocks, each containing
two 3 × 3 convolutional layers, instance normalization and exponential linear
units. The decoder mirrors the encoder structure. For differentiable data aug-
mentation in Eqn. (3), we use native PyTorch tensor operations to implement
image transformations, including pixel blitting (flipping, right-angle rotation and
translation), geometric transformations (scaling and random-degree rotation),
and color/intensity adjustments (brightness, contrast, saturation, and hue).

We follow [25, 14] to set τ = 0.07, k = 255 in Eqn. (1), use 256 neurons
in each layer of the MLP, and extract features from 5 layers of the generator’s
encoder as the MCL’s input [25]. We set λ = 1 in Eqn. (2) and β = 5 in Eqn.
(4) based on the study [32]. We use the Adam optimizer for model training with
the hyperparameter values: learning rate=0.0002, number of epochs=100, and
batch size =1. For model testing, we first use a threshold ξ to remove low-valued
responses in each prediction map from the nucleus detector and then detect
individual nuclei by seeking local maxima in the prediction map.

Ablation Study Fig. 2 shows the precision-recall curves of the ablation study
by varying the ξ from 0 to 1. The Source and Target represent a nucleus de-
tector trained with labeled source and target data, respectively. The Baseline
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(a) Fluo (b) PC (c) IHC

Fig. 3. Example nucleus detection results using the proposed method. Rows 1 and 2
represent the original images and the detection results (green dots), respectively.

denotes training a one-sided GAN with LADV and then a nucleus detector
with LDET , MCL means adding the MCL module to the Baseline model,
and Task-Aug represents training a GAN with a joint loss LADV + λLDET .
We observe that in low-resource UDA, either the MCL or the task augmen-
tation improves the nucleus detection results in comparison with the Baseline
model. The MCL also outperforms the random patch sampling-based contrastive
unpaired translation (CUT) [25] in Table 1. The proposed method combining
both MCL and task augmentation further boosts the performance (PRAUC
for Fluo/PC/IHC: 84.1/91.8/84.3) and even outperforms the Target model
(PRAUC for Fluo/PC/IHC: 74.7/86.5/73.6), which uses limited training data
(e.g., one image). Fig. 3 shows qualitative results of nucleus detection.

Comparison with State of The Art We compare the proposed method with
several recent state-of-the-art UDA approaches including GAN- and diffusion-
based models, such as CycleGAN [42], CUT [25], pseudo-labeling-based domain
adaptation (PLDA) [33], low-resource dual GAN (LRDGAN) [34], dual diffu-
sion model (CycleDiffusion) [29], energy-guided stochastic differential equation
(EGSDE) [39], unpaired neural Schrödinger bridge (UNSB) [21], and contour-
guided diffusion model (ContourDiff) [9].

Table 1 summarizes the nucleus detection results with ξ = 0.5. The proposed
method outperforms the competitors in all the target datasets. In particular, it
produces a significantly higher F1 score than others for almost all the cases with
p-value less than 0.05 in two-sample t-tests, except for the LRDGAN on the
Fluo dataset. Note that our method uses only one generator-discriminator pair
and has a significantly lower computational cost (26.4 × 106 learnable parame-



8 F. Xing and S. Ren

Table 1. Nucleus detection on different target datasets. Each method is trained with
5 different random seeds, and the mean and standard deviation (std) of each metric
over the 5 runs are reported: mean

(std) . The ∗ means our method has a significantly higher
F1 score than others. The highest F1 score is in bold font. P=Precision, R=Recall.

Fluo PC IHC
P R F1 P R F1 P R F1

CycleGAN [42] 45.3 42.4 41.6∗ 83.2 40.1 53.6∗ 64.4 43.5 51.3∗

(14.3) (13.3) (10.6) (23.9) (12.0) (15.4) (13.9) (15.1) (14.7)

CUT [25] 66.5 44.4 52.1∗ 63.4 53.1 55.6∗ 74.7 60.0 65.1∗

(4.5) (15.3) (11.8) (14.5) (25.1) (16.4) (7.6) (12.2) (6.9)

PLDA [33] 53.7 78.9 63.5∗ 65.6 81.2 72.4∗ 75.6 80.2 77.6∗

(12.3) (11.3) (11.5) (11.7) (12.3) (11.5) (6.1) (3.1) (3.3)

LRDGAN [34] 78.7 79.5 79.0 97.9 60.9 74.8∗ 92.5 72.2 81.0∗

(1.9) (1.6) (0.9) (1.0) (8.4) (6.7) (1.2) (4.2) (2.6)
CycleDiffusion [29] 56.9 46.3 50.9∗ 63.8 60.1 60.4∗ 77.9 47.4 58.6∗

(8.0) (3.9) (4.8) (4.5) (21.2) (13.5) (4.6) (7.1) (4.8)
EGSDE [39] 58.9 49.1 53.4∗ 67.2 82.4 73.5∗ 79.1 41.9 54.6∗

(3.0) (5.0) (3.3) (4.3) (14.6) (8.2) (1.6) (4.9) (3.6)
UNSB [21] 58.1 48.0 52.1∗ 67.0 52.7 52.6∗ 70.8 58.6 64.0∗

(4.1) (9.0) (5.6) (13.0) (29.0) (16.4) (7.7) (6.6) (6.6)
ContourDiff [9] 52.1 42.8 47.0∗ 59.9 74.9 66.1∗ 75.1 60.0 66.6∗

(7.5) (7.3) (7.4) (5.8) (11.8) (5.8) (6.6) (6.3) (6.2)

Proposed 77.0 84.5 80.5 95.4 88.2 91.6 87.8 83.1 85.3
(2.7) (3.6) (1.8) (1.8) (6.0) (3.8) (1.3) (2.8) (0.9)
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Fig. 4. Nucleus detection with different values of k in Eqn. (1) and λ in Eqn. (2).

ters) than the LRDGAN (51.8 × 106 learnable parameters) [34]. These results
demonstrate the superior effectiveness of our method in low-resource settings,
compared with other approaches including diffusion-based models.

Effects of Parameters Fig. 4 demonstrates the effects of the number of neg-
ative patches k in Eqn. (1) and the weighting parameter λ in Eqn. (2).We note
that the nucleus detection performance first improves with respect to k and then
decreases when k > 255, suggesting that including significantly more negative
patches may not be necessary. The results with different λ values indicate the
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importance of the MCL module, but an overemphasis with a substantially larger
λ value may lead to performance degradation.

4 Conclusion

We introduce a novel one-sided GAN method for cross-modality nucleus detec-
tion in low-resource settings. The MCL module enables efficient single-directional
image translation, while the joint discriminator augmentation explicitly enforces
semantic content preservation with respect to prediction of nucleus labels for
object detection. The proposed method significantly outperforms multiple re-
cent state-of-the-art approaches including diffusion-based models. One potential
limitation of the method is its MCL’s dependence on source-domain nucleus
masks, and noisy annotations may negatively affect the MCL’s performance.
Our method does not penalize use of more target training data, but its relative
advantage may gradually decreases as more training target images are used.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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