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Abstract

Classifying single-cell images across datasets collected under varying imaging conditions re-
mains a fundamental challenge in computational cytology. Differences in microscope hard-
ware, illumination, staining, and media introduce substantial domain shifts, leading to poor
generalization of models trained on a single dataset—even when underlying cell types are
shared. To address this, we propose a robust pipeline that integrates (i) multi-encoder
feature extraction using foundation models, (ii) unsupervised identification of shared cell
types between datasets, (iii) alignment of embedding spaces using graph-regularized opti-
mal transport (OT), and (iv) final classification via ensemble-based voting across encoders.
By explicitly filtering unmatched classes and transporting only comparable subsets, our
method mitigates the impact of non-overlapping cell types and structural misalignment.
Experimental results across multiple real-world cell image datasets demonstrate improved
accuracy (+20% in average over all datasets considered in the paper when adding class
filtering and OT), robustness to domain shift, and reliable performance in both fully un-
supervised and low-label regimes—without requiring fine-tuning or retraining on the target
domain.

1 Introduction

Cell image analysis is a challenging task, which makes it difficult to develop robust machine learning (ML)
algorithms for classifying cells. Indeed, in medical imaging, and especially in cytology, data are often
fragmented across sites, cohorts, and acquisition protocols, leading to substantial distribution shifts. This
problem is compounded by the fact that data collection frequently scales much faster than expert labeling,
so that large volumes of images remain unlabeled. As a result, only small annotated datasets are available,
making it necessary to exploit additional unlabeled datasets acquired under varying conditions (e.g., different
devices, protocols, or annotators) to enable transfer to a new target dataset. This imbalance between available
data and available labels constitutes a major challenge for robust cell analysis.

One possible route to address this challenge is to train domain-specific foundation models (Bommasani et al.|
2021). These models are pre-trained on a large variety of images across many domains (not only medical
imaging), and, thus, make them generalizable. Yet such models inevitably have a limited scope: they tend to
perform well within their (broad) training distribution, but covering the full spectrum of imaging conditions
and ensuring that new data remain “in-distribution” at runtime is challenging in practice.

To illustrate this observation, we invite the reader to look at Fig. where we show a typical transfer
example. The query cell (first column) comes from the RAABIN white blood cell dataset, assumed to be
unlabeled. To annotate it, we use the labeled Peripheral Blood Cells (PBC) dataset, collected under different
conditions. The first row shows the predicted cell class using DinoBloom (Koch et al., [2024), a foundation
model specifically tailored for cell images and trained on over 380,000 white blood cell images from diverse
datasets. Since DinoBloom was trained on RAABIN but not on PBC, the query lies within its training
domain, while the reference cells do not. One sees that, in this precise case, the query cell, a lymphocyte, is
misclassified as an erythroblast, because in DinoBloom’s feature space it appears closer to PBC erythroblasts
(last three columns, first row).
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Figure 1: Transfer query for one cell in the RAABIN white blood cell dataset. The targeted cell is a
lymphocyte that we assume to be unlabeled. To label it, we use the annotated Peripheral Blood Cells
(PBC) dataset to train a k-NN classifier. The nearest neighbors (last 3 columns) found by the k-NN search
are used to label the unknown cell. The first row corresponds to the classification process using DinoBloom,
a pre-trained foundation model specifically tailored for cell images. As one can see, the label prediction
(erythroblast) is not correct in this case. The second row corresponds to the same model but with optimal
transport (OT) on top of it, a mathematical tool that we use in our pipeline to align training and transfer
data domains (see text). This preprocessing step, together with the same pretrained mode and classifier,
now leads to the correct prediction for this cell (i.e., a lymphocyte). The last row corresponds to the same
unknown cell but for which we used ConvNeXT (and not DinoBloom) to highlight that our approach also
gives the correct prediction using a foundation model not specifically designed for cell imaging but with OT
on top of it.
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Therefore, while DinoBloom covers a large spectrum of imaging conditions and demonstrates an impressive
ability to generalize across many transfer cell imaging tasks, out-of-distribution (OOD) scenarios still remain
inevitable: no matter how extensive the training spectrum, there will always be unseen conditions where even
the most powerful foundation models fail to transfer reliably. As a consequence, fine-tuning or retraining
foundation models for each new dataset can alleviate domain shifts to a certain extent but, these methods
will always be constrained by a limited "in-distribution" domain. On top of that, curating and aggregating
sufficiently diverse datasets, and training expressive domain-specific models from scratch, requires substantial
resources that are rarely available (especially in biomedical research).

In this paper, we propose an orthogonal direction: rather than enlarging training datasets or retraining
models to cover an ever-broader spectrum of conditions, we take foundation models as they are and correct
training feature representations with transfer-sample embeddings, aligning feature spaces and effectively
mapping out-of-distribution samples into the in-distribution transfer space.

More concretely, to correct for domain shifts and align feature representations across datasets we use optimal
transport (OT) (Villani, [2003; [Li et al., [2022; |Gong et all 2022; Mémoli, [2011agb)). This approach has
proven effective in addressing this challenging problem across various domains, and particularly in biological
applications (Thual et all 2022} Breeur et al., 2024; Demetci et all 2022bza)). Indeed, OT can be used to
transport one distribution into another, thus allowing them to share a common ground space and align their
data domains. Therefore, we believe that OT is an appealing solution to align medical cell datasets and
improve cell classification.

To the best of our knowledge, no studies have applied OT to align data spaces across cell imaging datasets,
while domain shifts commonly encountered in biomedical imaging are significant. Our strategy is the fol-
lowing: we use OT to map cell embeddings from a labeled dataset — acquired under different experimental
conditions and/or imaging devices — into the embedding space of a transfer dataset. These mapped repre-
sentations can then be used to train a classifier for labeling the unknown cells. By aligning both training
and test datasets into a common representation space, OT mechanically improves classification accuracy and
robustness to domain shifts. Unlike other approaches that require large labeled datasets, our method makes
it possible to map the feature representations of only a few annotated samples — as it is often the case in
medical imaging — onto another, potentially much larger, dataset and reliably scale up annotations.

The results shown in the second and third rows of Fig. [[]are a preliminary illustration that aligning feature
representations of foundation models without the need to add more datasets to cover larger domains can be
highly beneficial. The second row shows indeed that combining DinoBloom with our OT alignment strategy
now yields a correct classification. The third row demonstrates that even more general foundation models,
such as ConvNeXT — despite not being trained on medical images — perform better with our approach than
cell-specific models that lack cross-dataset feature alignment.

On top of that, we propose to not only align embedding spaces across datasets, but also their cell domain. As
a preprocessing step, we identify shared (overlapping) classes between the training and the transfer datasets
and filter out unmatched cell types to only transport comparable subsets from the training to the transfer
set. By filtering noisy and OOD samples, OT only focuses on common patterns, thereby improving both
feature representation alignment and classification.

Finally, to enhance the robustness of our approach, we also propose to rely not only on one foundation model,
but, on the contrary, to exploit the potential of diverse foundation models with a multi-encoder-based method
(Kalweit et al} |2024)). As a post-processing task, we aggregate predictions from multiple foundation models
using a weighted voting scheme. This ensemble approach mitigates errors from any single model, leverages
varying performance across datasets, and avoids the need to fine-tune model selection. As a result, it achieves
more reliable predictions, better adaptability, and improved generalization to new acquisition devices and
experimental conditions.

Therefore, to correct for medical cell datasets misalignment, we introduce in this paper a novel strategy
centered around three key contributions: (1) we filter out unmatched classes to align training and transfer
sample domains, (2) align feature representations across datasets using OT, and (3) apply ensemble strategies
for classification. This approach leverages the strength of foundation models while directly addressing the
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domain shift problem that limits their out-of-the-box use in cytology through embedding alignment. Our
method is fast, works on small and large datasets and does not depend on a specific model or classifier.

2 Related Work

In recent years, considerable efforts have been made to adapt and extend foundation models to medical
data. For example, SAM has been specialized into MedSAM for medical image segmentation tasks
and CellSAM for cell segmentation (Israel et al.| [2023). DinoBloom has been trained on large
white-blood cell image datasets and is build on a tailored DINO pipeline (Koch et al.,2024); scDINO is also
an extension of DINO for histopathology and cellular image analysis (Pfaendler et al., [2023). Ref.
studied the scalability of VITMAE models in cellular biology.

There were also great advances to mitigate shift domains and ensure better generalization across datasets
using multi-encoder ensemble techniques and finetuning: [Kalweit et al.| (2024]) used combinations of features
from different foundation models to fully exploit their potential and increase robustness when transferring
to an unseen dataset; [Arango et al| (2024) developed an approach to select an accurate pretrained model
with optimal hyperparameters for a new dataset. Other methods have been also considered to improve
out-of-domain (OOD) performance such as NMTune (Chen et al., 2024), a method designed to mitigate the
effect of noise in pre-trained data and lowered its impact on downstream tasks.

While on the right track, previous studies, particularly in the medical domain where experimental envi-
ronments and acquisition devices often introduce domain shifts, still suffer from dataset misalignment. To
circumvent this issue and align data space, Optimal Transport (OT) (Villani, [2003; 2009) and especially
its extension via the Gromov-Wasserstein (GW) distance (Memoli, [2007; [Mémoli, 2011afbj [Sturm) [2012))
proved to be highly efficient. Indeed, GW distance enables comparison of distributions defined on different
metric spaces, making it possible to construct a transport map between a priori incompatible data space and
thereby re-align them. Thanks to its wide-ranging potential, GW has been successfully applied across diverse
machine learning tasks, including computer vision applications (Memoli, 2007; Mémoli, 2011a} |Schmitzer &|
2013)), alignment of word embedding spaces (Alvarez-Melis & Jaakkola, [2018), distribution-level
alignment for LLMs (Melnyk et al.l [2024), learning of generative models across different domains (Arjovsky
et al., 2017; |Tolstikhin et al., 2018} |Bunne et al., 2019), graphs and clustering tasks (Vayer et al., 2018; |Xu
et al.| 2019; 2020; |Chowdhury & Needham), 2020azb} [Malki et all, [2023)), learning autoencoders (Xu et al.|
2020), distribution matching (Benamou et al., |2015)).

OT has also found applications in a wide range of biomedical areas, such as neurology (Thual et al., 2022),
metabolomics and cancer research (Breeur et al.l 2024), single-cell and sequencing alignment (Demetci et al.,
[2022bjja} [Yang et al., 2021} [Pao-Huang et all [2025), chromatogram alignment (Skoraczynski et al., 2022]),
cell lineage tracking (Yang et al. [2020), temporal changes in gene expression (Schiebinger et all 2019)),
gene expression cartography (Nitzan et al. [2019), sender-to-target cell mapping to recover cell signaling
relationships (Cang & Niel [2020)).

3 Methods

Let Diain = {(z4,v:)}, be a labeled training dataset of cell images, and Diest = {xj}jj\il be an unlabeled
test dataset from a different imaging domain. Our task is to predict the cell type of each x; in Dyest Without
any labeled data from the test domain and under the assumption that only some cell types are shared across
domains.

Fig. [2| shows the entire pipeline of our model, divided in the following main tasks:
1. We use foundation models to generate embeddings for each dataset (see Sec. for feature extraction
details); we thus obtain original (training) embeddings and transfer (test) embeddings.

2. We then identify shared cell types across both datasets to align cell domains. This first pre-processing
step enables us to filter non-overlapping cell types from Dx,,in and improve both dataset alignment
and cell classification. As shown in step 2 of Fig. [2| to detect overlapping classes, we compare
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Figure 2: Machine Learning pipeline to enhance classification robustness and generalization across medical
datasets: (1) sample feature representations (embeddings) generated from pretrained foundation models
(used as encoders); (2) Similarity detection based on graph clustering to detect shared cell types between
the original and transfer datasets; (3) cell type filtering to align training and transfer sample domains based
on sample embedding similarities; (4) Optimal Transport (OT) to align training and transfer embedding
spaces; (5) cell classification using preprocessed embeddings for each foundation model and ensemble voting
method to obtain the final cell prediction labels. In our case we use a k-NN classifier based on the EWC-
FAISS method described in Ref. |[Kalweit et al.| (2024) and a linear probing classifier as a benchmark. More

details can be found in the Method Sec. Bl
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similarities between train and transfer embeddings. Indeed, we expect cells of the same type, even
when acquired under different conditions, to exhibit similar embedding representations and to cluster
together. All details can be found in Sec.

3. After retaining only common cell subsets (step 3 of Fig. [2)), we move to the central step of our
approach detailed in Sec. dataset alignment to address domain shifts by mapping the training
distribution domain onto the transfer domain using optimal transport (OT). Here, we transport
training sample embeddings (features) extracted from multiple foundation models — used as encoders
— onto the transfer embedding space. Step 4 of Fig. [2]illustrate this process. New mapped training
embeddings now reflect their proximity to transfer samples and are used as input of the next and
last step.

4. The last step is the cell classification (of transfer cells) using a multi-encoder ensemble strategy to
enhance robustness. As shown in step 5 of Fig. [2] cell classification is split into two parts: we rely
both on raw training and unaligned embeddings extracted from various foundation model encoders
(left) and on their mapped counterparts in the transfer embedding space (right) to make predictions.
We finally combine all predictions with a weighted voting scheme to label transfer cells. More details
can be found in Sec. Note that our approach is agnostic of the chosen classification model.
In our case, we use a k-NN classifier (EWC-FAISS introduced in Ref. Kalweit et al. (2024)) and a
linear probing classifier as a benchmark.

3.1 Embedding Extraction with Foundation Models

Foundation models are pretrained on diverse objectives, allowing them to capture a broad spectrum of
features across many domains. Each model has its own specificities and can therefore extract complementary
and sometimes orthogonal features from data. By combining them and using them as encoders, we can
generate more meaningful and robust cell embeddings.

In our paper, we use the following foundation models: DINO (Caron et al., [2021;|Oquab et al.,[2024) exploits
self-distillation, where the model learns without external labels by comparing different augmented views of
the same image; Segment Anything (SAM) (Kirillov et all [2023) is designed for segmentation, and learn
to delineate specific objects such as points and bounding boxes within an image based on prompts; SWIN
(Liu et al.l [2021; |2022al) constructs a hierarchical representation of images via layered feature maps and
applies a shifted-window attention mechanism to focus on specific regions; ConvNeXT (Liu et al., |2022b;
Woo et al.| 2023)) a convolutional neural network (CNN) architecture designed to modernize CNNs and bring
their performance on par with Vision Transformers (ViTs) on large-scale vision benchmarks like ImageNet;
CLIP (Radford et all [2021) learns joint representations of images and text by training on large-scale im-
age—caption pairs, enabling it to associate visual content with natural language descriptions; VITMAE (He
et all) 2022) uses a masked autoencoder strategy, where portions of the image are hidden and the model
learns to reconstruct them, encouraging robust feature learning from incomplete visual inputs; DinoBloom
(Koch et al., [2024]) is built on a tailored DINO pipeline and trained on over 380,000 white blood cell images,
enabling robust cell-type representation learning and strong generalization across blood and bone marrow
smears.

Each encoder, from one of the foundation models detailed above, processes the input data z to produce
embeddings vectors £*™ " = enc(z;) and E;eSt’enc = enc(z;). Once embeddings are generated, they are
used as input for identification of shared cell types across datasets (see Sec. , optimal transport mapping
to align datasets (see Sec. , and, eventually, cell classification via ensemble voting (see Sec. .

3.2 Unsupervised ldentification of Shared Cell Types

Before using the entire original dataset Dy ain to label cells in Dyesy, We propose to preprocess data by filtering
cell types that are not present in the test dataset, i.e., the non-overlapping classes between Dyyain and Diest .
The goal of this preprocessing step is two-fold: (i) it removes unwanted noise by only keeping shared cell
types leading to a better classification; (ii) it significantly improves the accuracy of the optimal transport
mapping. Indeed, as explained in Sec. [3.3] the optimal transport step aligns datasets by mapping the
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training cell embeddings (Diyain) onto the test cell embeddings (Diest). By filtering out training classes that
are not present in the test dataset, we ensure that the mapping is restricted to the shared cell types only,
preventing mismatches and making the transfer more reliable.

Fig. [3] summarizes the steps for unsupervised identification of shared cell types. We begin by using embed-
dings from DinoBloom (Koch et al., 2024) to construct a weighted graph for the unlabeled transfer (test)
dataset. Each cell sample is represented as a node, and edges are weighted according to the geodesic dis-
tance between cell embeddings — the geodesic distance is the shortest distance between each pair of nodes
in a graph. We also apply a threshold to bound the maximal distance below which samples are connected
through edges. We refer to Appendix [A]] for details. As shown in the left gray box of Fig. [3] cells of
the same type (indicated by the same color) naturally cluster together. To detect clusters, we used two
community detection approaches: the Louvain algorithm (Blondel et al.| |2008) as a benchmark, and our own
cluster detection algorithm. The motivation for developing our own method was to better adapt community
detection to our problem and to gain finer control over hyperparameters, thereby enabling more precise
cluster detection (see Appendix . An interesting aspect of our approach is the use of a k-NN classifier
(EWC-FAISS introduced in Ref. (Kalweit et all [2024)) in a fully unsupervised manner to assign cluster
labels to each cell sample in Dyes;. This method proves effective not only for cell classification but also for
identifying shared cell types across datasets.

Once detected, to determine the cell type of each test cluster, we compute mean cosine similarity matrices.
More precisely, these matrices have dimensions N&' x N0 where N is the number of detected clusters
in Diest, and Ngain denotes the number of cell type subsets in Diain. Cell embeddings from each encoder
(i.e., each foundation model) are used to calculate cosine similarity scores between the test and train samples.
Then, the results are grouped such that each coefficient of cosine similarity matrices correspond to the average
score between one test cluster and one training cell type subset (see the right gray box of Fig. . Therefore,
each column of these matrices is a N¥*"-dimensional vector and contains the cosine similarity scores between
one test cluster and all training cell types. These vectors are then aggregated across encoders to obtain the
final similarity representation that we denote as cs(¢), where ¢; refers to the test cluster label.

Clusters that correspond to shared cell types are expected to yield high similarity scores, enabling cluster
identification. Concretely, for each test cluster ¢;, the maximum entry of cs(¢) indicates the most likely
matching cell type of the training dataset, and this label is assigned to cluster ¢;. Cell types from the
original (train) dataset that do not match any test cluster can then be filtered out. We refer to Appendix
where we detail all steps and the computation of vectors cs(¢i).

When possible, the cluster identification of transfer cells can be refined in a fully unsupervised manner by
enriching the database with cells of the same category. In this extended setup, the original dataset Di;ain
remains the reference and the only labeled set. On top of the test dataset Diest, we incorporate additional
datasets containing similar cell types (e.g., white blood cells). For each new dataset, we apply the steps
described above to detect and label clusters in an unsupervised fashion.

Next, using the cell types in Dy ain as a reference, we compute the N, gain—dimensional similarity score vectors
cs(@) for all clusters identified across datasets. Clusters corresponding to the same cell type are expected
to share similar vectors and group together, even when they belong to different datasets. To reveal these
cluster communities, we apply t-SNE and we obtain two-dimensional vectors that naturally group together
by cell type. We then use this new vector representation to refine our cluster identification: for a given test
cluster, instead of assigning the label corresponding to the highest similarity score among the Ngai“ possible
reference cell types, we combine two complementary criteria: (i) the similarity scores themselves, and (ii)
the relative position of the cluster in the two-dimensional t-SNE space with respect to all reference cell type
vectors, including those from additional (and unlabeled) reference datasets.

It is true that there is no guarantee that the relative positions of clusters in the multi-dimensional space will
be preserved in the two-dimensional t-SNE, precisely because t-SNE does not preserve pairwise distances in a
strict quantitative sense. However, t-SNE is specifically designed to capture and reveal local neighborhoods.
In this context, we can interpret and use the ‘distance’ of a cluster sample to all other samples in the two
dimensional t-SNE space as an indication of the proximity of this cluster to a given cluster community. If
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a cluster lies in the vicinity of a community composed of clusters with a different cell-type label, it likely
indicates that the cluster was misclassified when using only a single reference dataset.

The fact that this approach performs well in our setting is therefore not surprising: unlike direct comparisons
in the similarity-score space, t-SNE tends to enhance the grouping of cluster samples from the same cell type,
even when they come from distinct datasets.

We refer to Fig. [ in the result section where such a misclassified cluster has been detected in the case
of the LISC dataset when using two other white-blood cell datasets as reference.
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Figure 3: Scheme of the method used for shared cell type identification between the original (training) and
the transfer (test) datasets.

3.3 Graph-Based Optimal Transport for Alignment

Optimal Transport (OT) (Villanil 2003} 2009)) studies how to transform one probability distribution (or a
histogram in the finite dimensional case) into another in the most efficient way. In other words, the goal of
OT is to find a mapping that moves mass from a source to a target distribution with minimal cost.

In the context of machine learning, masses p; can be assigned to each sample of a dataset to account for their
relative importance within the dataset — constrained by the condition Zf\il p; = 1, where N is the number
of samples; if all samples are treated equally, we simply assign equal weights p; = 1/N to each sample. Then,
given two sets of samples A = {a;};Y, and B = {b;}}2,, OT aims to transform distribution {p;};', of A onto
the mass distribution {g; };Vil of dataset B by finding a coupling matrix 7;; between samples a; of A and
samples b; of B. However, most of the time, samples from different datasets leave in different or incompatible
spaces with different number of samples making it difficult to directly compare their probability distributions.
To bypass this issue, one can use the Gromov-Wasserstein (GW) distance (Mémoli, |2011a; [Sturml 2012; [Peyré
et al., 2016) to study how the relative distances of all samples within each dataset compare to each other,
instead of comparing absolute sample positions across datasets. Therefore, the alignment between datasets
is not solely based on individual samples, but relies on the structural information of each dataset, making it
a perfect tool for structured data, and in particular for cell image dataset alignment problems. In our case,
we will always transport the original dataset Diain (with known cell labels and used as training dataset)
onto the transfer dataset Dies (the test dataset with unknown labels).

To this aim, (structured) data are expressed in a metric-measure space (C, p), where C is a matrix that
represents similarities or distances between samples of the same dataset, and p, as written in the above
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paragraph, is the probability (mass) distribution associated to the dataset. In the following we assume no
prior information and relative importance between samples; we thus set p = %]1 v, Where 1, = (1,...,1)T €
RN. We denote by C4) and C®) the similarity matrices of two different datasets A and B, and by p and
q the probability distributions of A and B.

In our case, matrices C' are computed using the geodesic distance, i.e., the shortest distance between each
pair of nodes in a graph. To proceed, we treat each sample as a node and we construct a kNN graph (where k
represents the number of neighbors of each node) for each dataset. To draw edges between nodes, we use the
Euclidean distance between sample embeddings extracted from the different foundation models (encoders)
as previously detailed in Sec. Then, for each pair of samples (nodes) i and j we can compute the
shortest graph distance between them and obtain all Cj; coeflicients of matrix C' — as explained in Sec.
a similar approach is used to create weighted graphs and to detect shared cell types across datasets. The
goal of OT is then to find couplings that associate samples with similar inner structure to minimize the cost

|Cl.(:2) - C;f)| of transporting pair of nodes (i, k) of dataset A to (j,1) of dataset B.

So far, matrices C4) and C'®) are only related to the internal structure of their corresponding dataset, or,
in other words, how samples are distributed across the graph. Even if embeddings are used to draw the
graph, C' matrices do not directly compare embedding similarities between both datasets. As discussed in
Ref. [Vayer et al. (2018), on top of the graph structure, one can also add additional graph properties as
node features and define a cost matrix Map € RV*M to compute the Euclidean distance between these
additional features for each sample pair (a;, b;) across both datasets A and B. In our case, node features
are simply sample embeddings; the cost matrix coefficients thus correspond to (Mag):; = \5{4 - EJB |. The
distance used in the OT framework that incorporates both structure and feature information is called the
Fused Gromov-Wasserstein (FGW) distance (Vayer et al., 2018; 'Thual et al.,|2022); this is the distance that
we consider in this paper.

Before giving the final formulation of OT using the FGW distance, we introduce II(p, ¢) the set of all possible
couplings T;; between p and g — the probability distributions that we aim to transport from A to B:

M(p,q) ={T eRYM T1, =p, T, =g}, (1)

where 1y, = (1,...,1)T € RN Couplings Tj; thus represent the amount of mass transported from
sample a; in A to sample b; in B. The above expression ensures that mass fractions from all samples of B
that connect to sample a; in A sum up to p; (and that all samples of A that connect to sample b; in B sum
up to ¢;), such that masses are correctly transported from one dataset to another.

As stated before, OT is an optimization problem that consists of finding the best coupling matrix T;; that
minimizes the cost to transport the structure and the features from one data space to another one through
the FGW distance defined as follows:

degw (C(A), cB p, q. a) = Teglrg) © <(1 —a)Map+alL (C’(A),C’(B)> T, T>. (2)

In equation |2 L (C(A),C(B)) is a loss function to evaluate the misfit between C' matrices. We usually

2
consider the quadratic loss resulting in the 4-dimensional tensor Lz = ‘Ci(ﬁ) — CJ(.?)’ /2. Parameter « is

a trade-off between the cost to transport features (through M4p) and the cost to transport pair of samples
in each structure (through the loss function L). The symbol ® accounts for tensor-matrix multiplication,
while (-) is the usual matrix scalar product:

(L®T);; = Liji T,
il

(M,T) = ZMZ']' T;j. ¥

To solve this optimization problem, we use the POT package (Flamary et al.l |2021)) which provides all neces-
sary functions. Datasets A and B are the original (training) dataset Diain and transfer (test) dataset Diest,
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respectively. Matrices C(t2i0) - C'(test) and M, i /test are computed using the original and transfer embed-

dings {E"™™ AN | and {é’tes‘D NN | extracted from a given encoder (foundation model) ‘enc’. Therefore,
each encoder glves a different OT mapplng that can be used independently or concomitantly (see Sec. |3.4)).

As a result, the coupling matrix T;; found for each foundation model is used to map the embeddings of the
original dataset onto the transfer dataset:

gtram enc =N ZTZ gtest enc’ (4)

where Etrain,enc gre the resulting mapped embeddings, and N is the number of samples of the original
dataset Diyain, used here to correctly normalize the couplings. By projecting training embeddings onto the
test embedding space using OT, training and test data share a common ground space and we thus correct
for distribution shifts between them.

3.4 Classification via Ensemble Voting

To classify cells in Diest, we use an adaptive nearest neighbor k-NN search through the Entropy-guided
Weighted Combinational FAISS (EWC-FAISS) method described in Ref. [Kalweit et al.| (2024). The novelty
of this paper is to filter non-overlapping cell types between the training and test datasets, and combine
optimal transport (OT) with an ensemble voting method in the following way: (i) for each encoder, mapped

embeddings {E"™"™ ™}N | of the filtered original dataset are used to train a FAISS index (with the L2
distance) (Douze et all [2024). The resulting k-NN classifier trained with the OT mapped embeddings is
then used to label and classify cells in Diegt; (ii) as a second step, we also train the k-NN index without using
OT, i.e., using the original and unmapped embeddings of the training dataset, and use this new classifier to
label test cells; (iii) we then concatenate label predictions from both methods (with and without OT), assign
weights for each encoder and perform a weighted vote among all label predictions to get the final predicted
cell types. The different steps are summarized in the last gray box of Fig. [2]

4 Experimental Setting

4.1 Datasets

We considered in our paper four white-blood cell datasets (all publicly available) and two live cell datasets:

Stained White Blood Cells. The WBC (White-Blood Cells) dataset (Bodzas et al., [2023) includes 16,027
images of stained white blood cells from patients with acute myeloid and lymphoid leukemia, as well as those
without leukemic pathology. They are categorized into neutrophil segments, neutrophil bands, eosinophils,
basophils, lymphocytes, monocytes, normoblasts, myeloblasts, and lymphoblasts. In this paper, results from
the WBC dataset are obtained from a random subset of 14,424 images. The LISC dataset (Rezatofighi
& Soltanian-Zadeh), [2011)) comprises 257 images of white blood cells from healthy individuals, classified
into basophils, eosinophils, lymphocytes, monocytes, and neutrophils. The PBC (Peripheral Blood Cells)
dataset (Acevedo et al.| |2020]) contains 17,092 images of white-blood cells labeled into 11 classes: basophils,
eosinophils, lymphocytes, monocytes, neutrophils, Erythroblast, Immature Granulocytes, Metamyelocytes,
Promyelocytes, Myelocytes, Platelet. The RAABIN dataset (Kouzehkanan et al. 2021) gathers 16,633
cropped white-blood cells, classified into basophils, eosinophils, lymphocytes, monocytes, and neutrophils.
In this paper, results from the RAABIN dataset are obtained from a random subset of 10,175 images.

Live Cell State Imaging. The CELL DEATH NANOLIVE dataset (Kalweit et al., |2025) contains images
of treated JIMT-1 breast cancer cells categorized into living, dead, apoptotic, and necrotic cells. It includes
7,420 with the Roboflow software manually annotated and segmented images captured with a high-resolution
Nanolive microscope at 60x magnification. The CELL DEATH LIONHEART dataset contains 59 images
recorded with the Lionheart automated microscope at 20x.

10
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4.2 Baselines

As a baseline, we compare our results to NMTune approach (Chen et all [2024), a method designed to
mitigate the effect of noise in pre-trained data and lowered its impact on downstream tasks. In this case,
we consider the same MLP classifier architecture [(1) Layer D x 4D, (2) ReLU activation, (3) Layer 4D x
D, (4) Layer D X Ngjasses, Where D is the input feature dimension|. We apply class filtering but no optimal
transport since NMTune is already tailored to lower out-of-domain shifts.

We also compare our results to linear probing layer (with/without class filtering and with/without optimal
transport)

5 Results

In this section, we first show the results for the identification of shared cell types in white-blood cell datasets.
To evaluate our own cluster detection algorithm, we challenge our results with the commonly used Louvain
algorithm (Blondel et al., 2008)).

Then, we present the main results of our paper for cell classification. Specifically, we evaluate on various
white-blood cell and live cell datasets our approach described in the Method section, which incorporates
class filtering, optimal transport and ensemble voting from classifier predictions. We also gauge the gain in
accuracy using optimal transport mapping and/or ensemble of encoders.

5.1 Shared cell type identification

An overview of the shared cell types identification for white-blood cell datasets is shown in Tables [I] and
In the first table, the PBC dataset corresponds to the reference (original) dataset whose cell labels are
known. We then use the method described in Sec. [3:2] to detect shared cell types between PBC and three
white-blood cell datasets: WBC, RAABIN and LISC. In Table[2, WBC is used as the reference, while PBC,
RAABIN and LISC are the test datasets.

To detect cell clusters, we resort to two different cluster detection algorithms. The first row of each table
corresponds to the results using the well-known Louvain algorithm (Blondel et al., [2008]), while the second row
gathers the results using our own algorithm based on weighted node degree and k-NN search (see Appendix

for more details).

To improve the robustness of the results, we randomly select subsets of 2000 samples when the number of
cell samples in a test dataset exceeds 2000 (e.g., RAABIN, WBC, and PBC) and predict matching cell types
with the reference dataset for all detected clusters in each subset. This procedure is repeated across five
random subsets. Results are then aggregated across all subsets (or from a single run if the dataset contains
fewer than 2000 samples).

From these aggregated results we report: (i) the predicted shared cell type labels (shown in the first sub-
column for each test dataset, with the label-to-cell type correspondence provided in the caption; the ground-
truth shared cell types are also indicated in the caption); and (ii) the overall accuracy that corresponds to

the mean of two accuracies:

Acc Accelusters
ACCUI'a,Cy = global —; Clustem’ (5)

where Accgiobal quantifies the correctly predicted shared cell types between the test and reference (training)
datasets, while also penalizing unfiltered non-overlapping classes that remain in the reference dataset. The
detailed expression can be found in Appendix [B]

The cluster-level accuracy, AccCclusters, simply corresponds to the fraction of correct cell type predictions
across all clusters in the test dataset. Specifically, the predicted cell type of each cluster is compared with
its ground-truth cell type, defined as the predominant ground-truth label within that cluster.

Note that the results reported here are obtained after correcting misidentified clusters. As explained in the
last paragraph of Method section adding new datasets to the reference dataset can help refine the cell
type identification of the test dataset. For instance, when PBC is the (labeled) reference dataset (Table

11
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1)), predicted cell type clusters from WBC are used as additional reference points to correct for LISC and
RAABIN misidentified clusters.

Fig. [ illustrates this process for the LISC dataset. Each dot in the figure represents a cluster ¢; that carries
a similarity score vector cs(¢), i.e., its proximity’ to the different cell types in the reference dataset (see
Sec. and Appendix for all details). To visualize these multidimensional vectors in a two-dimensional
space, we applied t-SNE. Labels above the dots indicate true and known cell types for PBC clusters (the
reference set, shown as black dots), and the most likely matching cell types before correction for WBC (blue
dots) and LISC (red dots) clusters.

As shown, clusters corresponding to the same cell type tend to group together, even when originating from
different datasets, and this property can be exploited to correct wrong labels. For instance, the red LISC
cluster labeled ’9’ is misidentified when PBC alone is used as the reference (see the red inset in the figure,
which zooms on this cluster). Indeed, based on similarity scores only, this cluster appears closer to the PBC
black cluster labeled ’9’ than to the black cluster labeled ’3’ (its true label), and is therefore incorrectly
classified as ’9. However, when WBC cells are added, the LISC red cluster is found in close proximity to
five WBC clusters labeled ’3’. Taking this proximity into account allows us to relabel it correctly as ’3’,
leading to an accuracy of 100% for the LISC dataset — since the other four LISC clusters had already been
correctly identified (see Table . Importantly, the ground-truth labels of WBC clusters are not required for
this correction step. It is also worth noticing that no WBC or LISC clusters gather around non-overlapping
cell types (see the PBC black dots 8, 10, 11, 12, 13 and their empty neighborhood).

This correction step is crucial, as it yields a substantial improvement in accuracy (+7.1% in average when
WBC is the reference dataset, +15.5% when PBC is the reference dataset).

Table 1: With PBC ground-truth labels (PBC = original dataset; WBC, RAABIN, LISC = Transfer datasets
with unknown labels). Shared cell types: 0, 1, 3, 4, 6 for all datasets; cell types in PBC — 0: basophils, 1:
eosinophils, 3: lymphocytes, 4: monocytes, 6: neutrophils, 8: Erythroblast: 8, 9: Immature Granulocytes,
10: Metamyelocytes, 11: Promyelocytes, 12: Myelocytes, 13: Platelet.

Datasets WBC LISC RAABIN

Shared cell types  Acc.  Shared cell types  Acc. Shared cell types Acc.
Louvain 0,1,3,4,6,9 86.11 0,1,6,9 45.0 0,1,3,4,6,8,9,12 66.07
Ours 0,1,3,4,6,9 87.25 0,1,3,4,6 100.0 0,1,3,4,6,8 10 70.54

Table 2: With WBC ground-truth labels (WBC = original dataset; PBC, RAABIN, LISC = Transfer datasets
with unknown labels). Shared cell types: 0, 1, 3, 4, 6; cell types in WBC — 0: basophils, 1: eosinophils, 2:
lymphoblasts, 3: lymphocytes, 4: monocytes, 5: monoblasts, 6: neutrophils, 7: normoblasts.

Datasets PBC LISC RAABIN

Shared cell types  Acc.  Shared cell types  Acc.  Shared cell types  Acc.
Louvain 0,1,3,4,6 100.0 0,2,3,4,6 56.67 0,1,2,3,4,6,7 57.74
Ours 0,1,2,3,4,6 79.49 0,1,3,4,6 100.0 0,1,3,4,6 87.21
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Figure 4: T-SNE 2D components of cluster similarity vectors for PBC (black points), WBC (blue points) and
LISC (red points) datasets. The labels on top of each black dot correspond to the ground-truth cell types
in PBC, while those on top of the blue and red points are obtained from the shared cell type identification
method for each detected cluster (see Sec. . The four LISC red clusters labeled 0, 1, 4, 6 are correctly
identified to their ground-truth class. The LISC cluster labeled 9 has been misidentified, but the red inset
shows its close proximity to WBC clusters labeled 3; this can be use to relabel this LISC cluster to its correct
class '3’

5.2 Caell classification

Classification results are presented from Tables [3| to [7] For clarity, not all transfer datasets are reported
here; all results can be found in Appendix[C] To demonstrate the capability of our approach to generalize to
various cell datasets, we show classification accuracies and F1-scores for a live cell dataset (Lionheart) using
Nanolive as the training (reference) dataset (see Table |3), and two white-blood cell datasets (RAABIN and
LISC) with different combinations of training datasets (see Tables and[6)). Indeed, to assess how well our
method can generalize to mixture of cells coming from different sources and acquired differently, we trained
the classifier with combined WBC-PBC dataset constructed by selecting certain cell types from WBC and
the remaining ones from PBC. The precise combination is detailed in the caption of Tables @] and [}] As a
second example, we also trained the index with all cells coming from WBC, PBC and RAABIN (after class
filtering) to classify LISC cells (table [6]).

To ensure sufficient statistical variability in our results, we proceed as follows: the training datasets are
randomly divided into ten subsets of 2,000 samples each. The transfer dataset is also split randomly in ten
subsets if it contains more than 2000 cell images. If Optimal Transport (OT) is used, we transport each of
the subset embeddings either to the full transfer embeddings (if it contains less than 2000 samples) or to
each transfer subset embeddings. We then recombine all training subsets into one set to train the classifiers.
Note that due to the random sampling, the number of training samples does not cover the entire initial
training set. In the case where the transfer dataset contains more than 2000 samples, we evaluate the cell

13
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classification on each subset and the metric results presented in the corresponding tables (Nanolive — Table
and RAABIN — Table [4)) correspond to the mean of accuracies and F1l-scores over all ten subsets.

The encoders used to generate the embeddings are indicated in the first column. A sum of encoders means
that embeddings from each encoder are concatenated to form a new feature representation. All accuracies
and Fl-scores are obtained using a k-NN classifier after preprocessing data (cell type filtering in the original
dataset using results from Sec. and with or without OT — indicated by a cross or a checkmark in the
result tables. The last two columns of each table indicates the gain or loss in accuracy and Fl-score using
OT for each encoder. The last three rows indicate: (i) the results following the pipeline described in Fig.
i.e., with ensemble voting including OT (see Sec. [3.4); (ii) the ensemble voting method for the linear
probing baseline, and (iii) the gain or loss in accuracy and F1l-score averaged over all encoders (including
the ensemble voting method rows) when using OT.

To better visualize the effect of OT for each encoder, Figs. [7] show the accuracies as histograms for the four
cases considered in the tables. On each histogram, the black bars indicate the accuracy for each encoder
without OT. White stripes bars shows a decrease in accuracy when combining the k-NN search with OT,
while green bars highlight an accuracy gain when applying OT. The blue bar corresponds to the ensemble
voting method including OT.

To illustrate how OT improves accuracy, we also refer the reader to Figs. [f] and [f] It shows five LISC
query image examples and their corresponding neighbors found for the ensemble voting method in the three
training datasets (WBC, PBC, RAABIN) when all combined — thus corresponding to the results shown in
Table . Fig. |5 is obtained without the use of OT, while Fig. |§| incorporates OT to align all training
datasets with LISC.

Table[7] summarizes the results by reporting the average accuracies and F1-scores across all datasets. Results
are shown for each encoder individually, for combinations of encoders, and for the ensemble voting approach
(penultimate row). The final row indicates the overall improvement achieved with the use of OT.

Table [8] compare the accuracy and Fl-score performances when including or not class filtering and OT. The
results are averaged over all datasets.

14
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Table 3: Encoder performance for the Nanolive (Lionheart) transfer, with (v') and without (X) optimal
transport (OT). Classes: (0) live, (1) apoptotic, (2) necrotic cells. Best result per encoder and metric in
bold; the A columns report the OT gain in percentage points. See Sec. for the meaning of the last three
rows.

Transfer: Nanolive — 3 classes

Train: Lionheart Acc. (OT: X)  Acc. (OT:v) F1(OT:X) F1(OT:v) A Acc. AF1
SAM 31.35 29.01 2.51 49.43 -2.34 46.92
DINO 44.57 45.89 61.73 57.60 1.32 -4.13
ConvNeXt 50.22 57.53 56.51 59.84 7.31 3.33
SWIN 48.53 57.95 50.50 67.66 9.42 17.16
CLIP 62.71 61.11 62.42 62.22 -1.6 -0.2
ViTMAE 44.80 51.10 24.56 54.17 6.3 29.61
DinoBloom 60.11 65.52 63.35 66.27 5.41 2.92
CN + SWIN 49.82 60.05 49.33 63.26 10.23 13.93
SAM + CN + SWIN + CLIP 52.38 61.15 51.43 64.11 8.76 12.68
DINO + CN + ViTMAE + SWIN 47.37 56.98 61.48 62.94 9.61 1.46
CN + SWIN + ViTMAE 49.38 59.80 48.72 63.12 10.41 14.4
DINO + CN + SWIN 47.35 56.78 61.50 62.95 9.43 1.45
DINO + CN + VITMAE 46.72 52.32 61.96 60.48 5.6 -1.48
DINO + ViTMAE + SWIN 45.69 51.68 61.52 60.81 5.99 -0.72
Ensemble Voting method 61.52 65.91 63.97 67.43 4.38 3.46
Ensemble Voting — lin. prob. 55.86 60.30 65.51 66.56 4.44 1.06
Average Aor - - - - 6.02 9.39

Table 4: Encoder performance for the RAABIN transfer, training set WBC-PBC (types 0, 1, 3 from WBC;
4, 6 from PBC), with (v') and without (X) optimal transport (OT). Best result per encoder and metric in
bold; the A columns report the OT gain in percentage points.

Transfer: RAABIN

Train: WBC-PBC Acc. (OT: X)  Acc. (OT:v') F1(OT:X) F1(OT:v) A Acc. AF1
SAM 7.94 25.37 23.93 50.36 17.42 26.43
DINO 27.73 50.86 63.84 63.99 23.13 0.15

ConvNeXt 33.25 36.99 68.00 56.27 3.74 -11.73
SWIN 26.62 55.55 66.97 57.22 28.93 -9.75
CLIP 29.82 35.21 58.86 48.52 5.39 -10.34
ViTMAE 31.62 19.60 10.01 42.48 -12.02 32.48
DinoBloom 58.59 72.13 70.10 56.82 13.54 -13.28
CN + SWIN 30.09 51.89 69.29 58.09 21.8 -11.2
SAM + CN + SWIN + CLIP 31.67 51.23 70.22 57.05 19.56 -13.17
DINO + CN + ViTMAE + SWIN 31.47 56.27 70.74 62.44 24.8 -8.3

CN + SWIN + ViTMAE 31.67 51.92 70.69 59.21 20.25 -11.48
DINO + CN + SWIN 29.96 56.13 69.58 61.67 26.17 -7.91
DINO + CN + ViTMAE 34.56 41.72 70.47 62.33 7.16 -8.14
DINO + ViTMAE + SWIN 28.83 61.64 68.79 63.78 32.81 -5.01
Ensemble Voting method 44.98 69.34 72.46 79.47 24.36 7.01

Ensemble Voting — lin. prob. 43.92 61.73 73.94 80.41 17.81 6.47

Average Aor - - - - 17.14 -2.95
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Table 5: Encoder performance for the LISC transfer, training set WBC-PBC (types 0, 1, 3 from WBC; 4, 6
from PBC), with (v') and without (X) optimal transport (OT). Best result per encoder and metric in bold;
the A columns report the OT gain in percentage points.

Transfer: LISC

Train: WBC-PBC Acc. (OT: X)  Acc. (OT:v') F1(OT:X) F1(OT:v) A Acc. AF1
SAM 37.91 29.47 33.95 28.50 -8.43 -5.45

DINO 33.68 48.34 33.25 50.57 14.66 17.32
ConvNeXt 46.02 53.91 42.80 52.10 7.89 9.3

SWIN 22.19 61.51 18.83 60.89 39.32 42.05
CLIP 23.54 41.40 16.47 41.09 17.86 24.62
ViTMAE 35.94 25.31 29.30 23.39 -10.63 -5.91

DinoBloom 66.54 73.56 63.44 72.72 7.02 9.29

CN + SWIN 30.54 61.16 22.39 59.97 30.63 37.58
SAM + CN + SWIN + CLIP 31.71 62.27 23.52 60.38 30.56 36.86
DINO + CN + ViTMAE + SWIN 33.72 62.24 28.94 61.96 28.52 33.02
CN + SWIN + ViITMAE 29.37 61.61 21.65 60.22 32.24 38.57
DINO + CN + SWIN 31.71 63.53 25.84 63.42 31.82 37.58
DINO + CN + ViTMAE 52.23 59.20 54.40 58.63 6.97 4.23

DINO + ViTMAE + SWIN 28.72 59.18 21.11 60.59 30.45 39.48
Ensemble Voting method 52.73 77.30 56.24 77.23 24.57 20.99
Ensemble Voting — lin. prob. 48.55 69.48 48.87 69.57 20.94 20.69
Average Aor - - - - +18.9 +22.63

Table 6: Encoder performance for the LISC transfer, training set WBC+PBC+RAABIN (all cells, before
filtering), with (v') and without (X) optimal transport (OT). Best result per encoder and metric in bold; the
A columns report the OT gain in percentage points.

Transfer: LISC

Train: WBC+PBC+RAABIN Acc. (OT: X)  Acc. (OT:v) F1(OT:X) F1(OT:v) A Ace. AF1
SAM 31.77 35.52 25.17 35.51 3.75 10.34
DINO 33.12 51.79 28.07 51.45 18.67  23.38
ConvNeXt 55.59 56.27 57.68 56.56 0.68 -1.12
SWIN 24.72 64.21 16.37 63.47 39.49 47.1
CLIP 34.03 40.97 32.14 40.35 6.94 8.21
ViTMAE 24.83 26.80 15.99 26.93 1.98 10.95
DinoBloom 70.22 77.26 69.80 76.34 7.05 6.54
CN + SWIN 25.79 61.45 16.56 62.53 35.66  45.98
SAM + CN + SWIN + CLIP 27.24 67.07 19.79 67.71 39.83  47.92
DINO + CN + ViTMAE + SWIN 28.79 68.64 23.11 69.49 39.85  46.39
CN + SWIN + ViTMAE 24.95 61.84 15.25 62.20 36.89  46.95
DINO + CN 4 SWIN 27.95 67.75 21.48 68.55 39.8 47.07
DINO + CN + ViTMAE 52.57 68.03 53.01 68.83 15.46 15.83
DINO + ViTMAE + SWIN 23.74 63.42 15.31 63.69 39.68  48.38
Ensemble Voting method 55.39 72.45 52.90 70.53 17.06 17.63
Ensemble Voting — lin. prob. 73.00 63.43 70.09 61.07 -9.57 -9.02
Average Aot - - - - 22.85 28.1
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Figure 5: LISC Query image examples and their corresponding closest neighbors in each dataset when
the three white-blood datasets WBC, PBC and RAABIN are combined as a large training datasets. The
neighbors are found using the ensemble voting method and through a k-NN search, but without the use of
OT to align training and LISC transfer embeddings. Checkmarks and cross at the top right of each neihbor
image indicates if the image cell label corresponds to the query image label. When no image is displayed for
one dataset, it means that the top 5-neighbors does not contain any cell image from this training dataset.
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Table 7: Classification results with class filtering and with (v') or without (X) optimal transport (OT)
averaged over all four train-to-transfer examples given from Table [3| to @ Each A value (last two columns)
represents the gain or loss in performance (in percentage points) from applying OT and for each encoder. For
better clarity of the table, we do not display standard deviations over all datasets for each encoder; we just
indicate it in parenthesis for the Ensemble Voting method. When combined to OT, our approach exhibits
the lowest standard deviation results showing its robustness across various datasets. We also indicate the
results for linear probing in the penultimate row. Last row (Aor) shows the increase (positive values) or
decrease (negative values) in accuracy and Fl-score when using OT (optimal transport) averaged over all

encoders.

Average over the 4 examples Acc. (OT: X)  Acc. (OT:v') F1 (OT: X) F1 (OT:v)) A Acc. AF1
SAM 27.24 29.84 21.39 40.95 2.6 19.56
DINO 34.77 49.22 46.72 55.90 14.44 9.18
ConvNeXt 46.27 51.17 56.25 56.19 4.9 -0.06
SWIN 30.52 59.81 38.17 62.31 29.29 24.14
CLIP 37.53 44.67 42.47 48.05 7.15 5.57
ViTMAE 34.30 30.70 19.96 36.75 -3.6 16.78
DinoBloom 63.86 72.12 66.67 68.04 8.25 1.37
CN + SWIN 34.06 58.64 39.39 60.96 24.58 21.57
SAM + CN + SWIN + CLIP 35.75 60.43 41.24 62.31 24.68 21.07
DINO + CN + ViTMAE + SWIN 35.34 61.03 46.07 64.21 25.69 18.14
CN + SWIN + ViTMAE 33.84 58.79 39.08 61.19 24.95 22.11
DINO + CN + SWIN 34.24 61.05 44.60 64.15 26.81 19.55
DINO + CN + ViTMAE 46.52 55.32 59.96 62.57 8.8 2.61
DINO + ViTMAE + SWIN 31.74 58.98 41.68 62.22 27.23 20.53
Ensemble Voting method 53.66 (6.86)  71.25 (4.84) 61.39 (8.71) 73.67 (5.63) 17.59  12.27
Ensemble Voting — lin. prob. 55.33 (12.76)  63.74 (4.04) 64.60 (11.04) 69.40 (8.14) 8.4 4.8

Average Aor = = = = 16.23 14.29

Table 8: Effect of cell type filtering and optimal transport (OT) on the global accuracy and Fl-score for the

ensemble voting method.

Cell type filtering OT Acc. F1 score Acc. lin. prob  F1 score lin. prob. Acc. NMTune F1 score NMTune
X X 54.54 64.91 57.89 70.09 50.59 63.37
X v 64.10 72.52 59.03 68.83 = =
v X 62.21 68.94 59.84 69.34 54.80 65.28
v v 73.80 76.97 63.61 70.88 - -
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Figure 7: Accuracy results for all encoders and the ensemble voting method (including optimal transport) for
the four transfer cases reported from Table (3| to Table @ (a) Lionheart-to-Nanolive transfer (three classes),
(b) PBC-WBC-to-RAABIN transfer, (¢) PBC-WBC-to-LISC transfer, (d) PBC-WBC-RAABIN-to-LISC
transfer. Black bars indicate the accuracy for each encoder without OT. White stripes bars shows a decrease
in accuracy when combining the k-NN classifier with OT, while green bars represent on the contrary an

increase in accuracy when applying OT.
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6 Discussion

Results show that it is hard to predict which encoder or combination of encoders leads to the best cell
classification. For instance, the transfer from Nanolive (NL) to Lionheart (LH) works well with CLIP with
an accuracy above 60 % (see Table [3]). However the accuracy drops to around 20-30% when using CLIP to
classify LISC cells (see Tables and. Only DinoBloom demonstrates robustness across datasets, which is
expected since it is specifically trained on cell images. Nevertheless, even this foundation model experiences
significant drops in accuracy when the classifier is trained with datasets absent from its training domain,
such as PBC. For instance, when transferring from WBC to RAABIN, accuracy and F1 score can reach up
to 90%; however, the accuracy and Fl-score drop to 58.6% and 70.1%, when the training set becomes a
mixture between PBC and WBC (see Table [4) and drops even more to 53.3% and 61.7% for PBC alone (see
Table [10]in Appendix [C]).

On the contrary, our approach brings significant improvements. First, the use of optimal transport (OT)
proves highly beneficial. By aligning datasets, OT reduces domain shifts caused by transfers across differ-
ent acquisition devices and experimental conditions, and yields better performance and robustness across
encoders. Over the four tables presented in Sec. the use of OT results in average in a 16.2% increase
in accuracy and 14.3% in Fl-score. The best performances over all encoders and methods (underlined in
the tables) always occur when OT is turned on. More over, while the performances of encoders significantly
decrease when different training sets are mixed (see in particular Table @, turning on OT greatly improves
accuracies and F1-scores. To illustrate this point and the results from Table [6] we refer to Figs. [B]and [6] It
shows five query images extracted from LISC and their closest neighbors found via k-NN search in each of
the three datasets (WBC, PBC, RAABIN) when they are all combined in a large training dataset. One sees
immediately that without OT (see Fig. most of the neighbors are wrong and the richness of the three
datasets is not used: the top-5 neighbors often contain neighbors from only one or two different datasets due
to large domain shifts with the remaining one. When OT is applied (see Fig. @, the accuracy is incredibly
better: neighbor labels correspond to the query cell labels (except for one image) and neighbors are found
in the three datasets since their feature representations are now well aligned. Our results confirm that OT
enables the integration of multiple datasets from various sources, enriching the training set with new cell
types without suffering from out-of-distribution problems. Beyond mitigating domain shifts, OT even boosts
performance when heterogeneous datasets are combined. On LISC, accuracies remain around 70-73% when
training on WBC or PBC separately, but rise to 77% when cells from both datasets are mixed (compare

Tables [11] and [14]in Appendix [C| with Table .

This is also confirmed by the accuracy histograms shown in Figs. [7]for the different transfer cases considered
in the result section The green bars represent the accuracy gains obtained with OT, and they clearly
dominate the histograms.

At variance to other encoders, the ensemble voting method mitigates accuracy fluctuations across encoders
and always stands as one of the best classification results. It shows in particular a high robustness across
very different datasets. This method also avoids the need to adapt the combination of encoders to each new
dataset and, thus, ensures better generalization. Combined with OT, it demonstrates high stability — and
even better accuracy — when training cells originate from multiple datasets. These results are supported by
the histograms shown in Figs. where the ensemble voting method combined with OT (blue bar) consistently
ranks among the top-performing approaches.

Overall, our ensemble approach with class filtering and OT leads to a mean accuracy of 73.8% and a F1-score
of 77% across all datasets (see Table . It is by far the best performance and demonstrates the highest
stability (assessed by the lowest accuracy and Fl-score standard deviations over all datasets). As shown
in Table [§] where we compare the ensemble voting method when including or not class filtering and OT,
both preprocessing steps increase by almost 16% the overall accuracy and Fl-score; OT alone (after class
filtering) accounts for roughly a 9% improvement in performance and, thus, highly contributes to a better

generalization of cell classification across different devices.
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Linear probing without OT leads to similar classification results as the k-NN classifier, but with a higher
variance. As shown in Table [7] it also highly benefits from OT, but does not reach the k-NN classifier
performances.

Shared cell type identification is also a crucial preprocessing step. As shown in Sec. [5.1} our cluster detection
method is always able to identify all shared cell types while filtering out most spurious classes; the node-
degree—based cluster detection approach (denoted by ’ours’ in Tables and [2)) proves to be the most effective.
This preprocessing ensures that only the common domain between the training and transfer datasets is
retained, which in turn directly improves cell classification. Without OT, class filtering contributes to a
performance gain of about 7% overall (see Table . The efficiency of OT also depends on this step: by
restricting OT to shared classes, the alignment focuses on the relevant common patterns between training
and transfer cell embeddings, resulting in a more accurate mapping (+1.2% overall, see Table .

7 Conclusion

We introduced a robust, fine-tuning-free pipeline for cross-domain cell image classification that directly ad-
dresses the two obstacles pervading computational cytology: domain shift across imaging conditions and the
lack of labels in newly acquired datasets. Instead of retraining or adapting foundation models for every new
dataset—an option rarely affordable in biomedical settings—our approach operates entirely at the embed-
ding level and combines four ingredients: multi-encoder feature extraction from complementary foundation
models, an unsupervised identification of shared cell types based on a dedicated graph cluster-detection
algorithm, the filtering of non-overlapping classes, and a graph-regularized (Fused Gromov—Wasserstein)
optimal transport (OT) alignment of the training and transfer embedding spaces, followed by an ensemble
voting classifier. To the best of our knowledge, this is the first method to couple unsupervised shared-class
discovery, structure-aware OT alignment, and multi-encoder ensembling into a single classifier-agnostic and
retraining-free pipeline for cell imaging.

Validated on four white-blood-cell datasets (WBC, PBC, RAABIN, LISC) and two live-cell datasets (Nano-
live, Lionheart), the method consistently alleviates the domain shifts induced by different microscopes,
staining protocols, and acquisition devices. Combining class filtering with OT improves the mean accuracy
by roughly 20% over all datasets considered, with OT alone accounting for an average gain of 16.2% in
accuracy and 14.3% in Fl-score across the four transfer scenarios; for every encoder, the best performance
is always obtained with OT enabled. Crucially, our ensemble pipeline attains the highest accuracy and F1-
score (73.8% and 77%) while exhibiting the lowest variance across datasets, and its advantage grows when
heterogeneous datasets are pooled into a single training corpus—precisely the regime where naive transfer
degrades most.

Because the pipeline is agnostic to the underlying classifier and requires neither labels in the target domain
nor any fine-tuning of the foundation models, it remains lightweight and readily portable to new imaging
conditions. Since each cell is classified by a vote across several encoders, their level of agreement could serve
as a per-cell confidence score, automatically flagging low-confidence cells for expert review and concentrating
human effort where the model is least reliable.
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A Cluster detection algorithm and similarity score vectors

A.1  Our cluster detection algorithm

In this appendix, we detail the cluster detection algorithm we used to group cells together in an unsupervised
fashion. Let us consider an unlabeled test dataset Diog; containing M cell images. The main idea is to build a
weighted graph using cell sample embeddings E;eSt’ "¢ These embeddings can originate from one foundation
model (in the main text we always use DinoBloom — since it is specifically trained on cell images), or can
result from the concatenation of several encoders.

A weighted graph G is always represented by a couple (V,e), where V is a set of vertices (the nodes) and
e is a set of edges that connect certain nodes together. In a weighted graph, each edge has a weight that
represents the strength of the bound between the two connected nodes. Therefore, edge weights can be used
as features to capture similarities, correlations or any other meaningful information between vertices; if one
wants for instance to obtain a meaningful representation of a subway network, vertices can represent metro
stations, and edge weights could be the distance between two connected stations.

In our case, each vertex is a cell sample. Vertices should be connected only if cell samples are similar enough,
and edge weights should quantify those similarities. To meet this requirement, we first compute the similarity
matrix defined as:

s ©

max dgeo (i, ;)
(2%

where dgeo(x;,2;) is the geodesic distance, i.e., the shortest path between pairs of nodes on the kNN graph
created from the M sample embeddings 5;6“’6“0. As a result, the similarity between cell embeddings is
translated to a distance, that we can then use to create a weighted graph. The normalized weights (between
0 and 1) are then given by:

Wij — min W

R 0.1—
€ij max( ’ o —min W

) , if 7 # 3, else e;; = 0, (7)
where o is a threshold above which e;; = 0. In other words, if W;; becomes greater than o, samples ¢ and
j are not connected in the graph. This puts a bound on the maximal geodesic distance, and thus on the
maximal dissimilarity that we tolerate between two cells. In our algorithm, we take o = 0.3 if M < 800,
otherwise o = 0.15. Note that e; = 0 just means that we do not accept self loops.

We mention that we could have directly used the kNN graph, where in this case edge weights would have been
given by the Euclidean distance between embeddings. However, in kNN graphs, the number of neighbors is
given by k and is constant over all nodes. Relying on the geodesic distance with a threshold o, enables the
number of neighbors per node to vary: it results in very dense areas with many interconnected nodes, and
less dense areas with a low number of neighbors per node — usually between two clusters. Therefore, contrary
to a kNN graph where clusters can be visible but are not necessarily distinct from one another, weights given
by equation [7] render clusters more distinct, and thus leads to a better detection. As a sanity check and to
confirm the above comment, we have tested cluster detection and identification of shared cell types using
both graph methods. The graph with edge weights given by equationresults in an overall increase of +7.1%
compared to the case where we directly use the kNN graph as input of both cluster detection algorithms
(ours and Louvain community detection algorithm).

In the spirit of the community detection method detailed in Ref. |Cai et al. (2019), our own algorithm is
based on the following quantities:
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e The weighted node degree. This quantity is defined for each node i and corresponds to the sum
of edge weights of all neighbors of the node:

di = Z 67;j, (8)
JEN;

where N; is a the set of neighbors of node i. The more central is a node in a cluster, the higher will
be this quantity. This will be the key parameter to identify central nodes of clusters.

e The node density. This quantity is defined by the number of edges and nodes in the subgraph
created from h-hops from this node — a hop is a jump from one node to a neighbor node:

o) ;
DRIEREE ®)

DM —

where V(") is the set of vertices and e® the set of weighted edges of the subgraph G") with h
hops. This quantity is related to the location of a node in the graph. Nodes at the center of a
cluster or only connected to one cluster have a high density, while those sharing connections with
several clusters have a low density. This helps identifying boundary (intercluster) nodes between
two clusters.

T
We always normalize the node density column vector D) = (D(()h)7 N ,Dg\}})_1> between 0 and 1,

such that the lowest node density is zero, and the maximal node density is bounded by 1.

e Jaccard matrix. The Jaccard coefficient of two nodes is proportional to the common neighbors
between them:

Wi N A

W U NG|

where N; (N;) is a the set of neighbors of node ¢ (j). Nodes that belong to the same cluster share
many neighbors, and, thus, exhibit high Jaccard coefficients, while boundary nodes between clusters
or distant nodes have low or zero Jaccard coefficients. The Jaccard matrix can be thought as a
correlation matrix at the level of the graph structure.

Jij = (10)

e The node correlation matrix. This matrix fuses information from node densities and Jaccard
coefficients:

Cnodes — (D(h) . D(h)T) . J’ (11)
where the superscript T stands for transpose, and (+) is the usual matrix multiplication. Note that
because D is a M column vector (see above), the quantity (D™ - DM T) is a M x M matrix.

We also define some useful notations that will be used throughout this section:

« The weighted node degree vector d = (dy, . ..,dar—1)7.

e FEach detected cluster will be denoted as ¢;.

(i
J
the set Sc(f,}'l) = {n((jc"), .. ,ng\c,:)}, where N; is the total number of nodes in cluster ¢;.

e The central nodes, which will be selected as part of cluster ¢;, will be denoted as n ) and stored in

e All neighbors nodes of Ségg) will be stored in a set ]\/'(Ci).

o The average correlation coefficient for a node & to all nodes in cluster ¢; is

@(Ci) = mean [Cﬂfdes} (12)

1estei)
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o The average similarity weight coefficient for node k to all nodes in cluster ¢; is:

Wk(ci) = mean [Wy] (13)

1es$ei)

o The average correlation vector @(h’ ) (?O(Ci), ...)T for all h-hop neighbors of a given central node
(ci)
in Secer .

—=5(h, c;)

e The average smnlarlty weight vector W (Wo(ci), ...)T for all h-hop neighbors of a given

central node in Scen .

e A vector WS(C y which is constructed iteratively as new central nodes are added to Séi;). This vector

is defined as follows: whenever a new node k is added to 855;'3, we append to WS<C y the quantity

Wi Wi , where the average is computed over all already present central nodes in Scen . We can also
write thls vector explicitly after j central nodes have been added to Scen

T
Wter) = mean Wiul,... mean W . 14
S (lesésy—{né“”}[ M s R ey M) "

Intuitively we can understand this vector as the following: As we fill Ség; with new nodes, we select
nodes further and further away from the initial central nodes. Therefore, we expect that similarity
weight coefficients W;; between new central nodes and those already present in S&) will slowly
increase. Indeed, remember that these weights are directly proportional to the similarity between
cells. Therefore, as we move far away from the initial nodes, similarity between samples will fade
away, which in turn will translate to an increase of the geodesic distance, and thus of the similarity
weights. Furthermore, as one moves from one cell type to another, the similarity weight coefficients
associated with the original cell-type cluster will exhibit abrupt changes, since samples from the
new cell type have low correlation with samples from the original cluster. As explained below, these
jumps in weights will be used to detect new clusters.

In short, the algorithm works as follows:

1. For the very first iteration, just locate the node with the maximal weighted node degree and add it

to Sc(ffrll). We denote it as ngcl).

2. Then, set dn<c1> to zero.
0

3. To select the next central node, consider all 2-hop neighbors of nocl) and compute W(hZQ’Cl). To
only consider the most correlated nodes with n(()cl), filter all nodes k for which
W,(ChZQ’cl) > mean [W(h > cl)] (15)

4. Select the node with the maximal weighted node degree among the remaining 2-hop nodes from

nécl). Note that nécl) is still present at this stage and this is the reason why we previously set its
node degree to zero. We could have also excluded this node.

After several iterations, it may happen that all remaining nodes have already been selected as central
nodes and stored in Ségfl). In this case, every node has a degree equal to zero, so the maximal node
degree is also zero and no further node can be selected. To address this, whenever this situation
occurs, we restart from step 3 but now include all 3-hop neighbors of the last added central node.
If no node is selected at this stage, we progressively enlarge the neighborhood up to 7 hops. If,
after this process, no node is still selected and the maximal node degree remains zero among the
neighborhood, this indicates that the cluster is likely complete, or that all clusters have already been
detected — since, except in very large graphs, a 7-hop neighborhood typically covers nearly the entire
graph. In such cases, we can proceed directly to step 9.
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10.

11.
12.

Add this node to Ségfq) and set dn<c1> to zero.
1

Then, store in -/\/(01) neighbors k of n((fl) for which @(ci)

correlated nodes to Sc((f%l) are stored. We do not want to store as neighbors of a cluster intercluster
nodes (usually with the lowest node density, which is equal to zero after normalization) or distant
nodes that do not share any neighbors with the current cluster (which results in a zero Jaccard
coefficient). Both cases are witnessed through the node correlation matrix (see equation .

> 0. This condition ensures that only

Until 10 nodes are stored in 8525)7 iterate over the three last steps (3, 4 and 5). It means that
we exclude clusters of less than 10 nodes; of course this parameter can be adjusted for very small
datasets.

Once 10 central nodes have been stored in Sc(ffrl]), we iterate again over steps 3 and 4, but we do not
automatically add the new node to the current cluster set S(EE;;). At this stage, we perform a test to
either keep filling &Eg}l) or create a new cluster set Sc(gﬁ).

Let us say that we have already stored k — 1 nodes in 85533 and we have just selected a new node k

among to the 2-hop neighbors of n,(fj)l. We perform the following test:

Wk(w) — mean <W8<ci>> < 2.5 std (WS<Ci)> . (16)

If the test is true, we add node k to Sc(gﬁ), otherwise this node becomes the first central nodes of
a new cluster Ségﬁ). As explained below equation if node k corresponds to a sample of a new
cell type we expect a jump in similarity weights. To witness such a jump, we ask that the average
weight coefficients to cluster ¢; for node k jumped by 2.5 standard deviation with respect to the
mean value. Note that we only witness positive jumps.

If a new cluster is created, set weighted node degree of all nodes stored in J\f(cl) to zero. This step
ensures that highly connected neighbors nodes to cluster ¢; — and, thus, which likely belong to this

cluster, but have not been classified as central nodes — cannot be detected as part of a new cluster

in further iterations; this is the reason why we have excluded from this set all nodes with a(cl) =0,

and which potentially belong to another cluster, even if they are neighbors of the current cluster.

Before populating Ségﬁ) with new nodes, the node degree vector d is renormalized between 0 and 1.
The first central node added to S(Egﬁ) is then chosen as the node with the highest normalized degree.

Then, iterate over the previous steps until a new cluster is again detected.

The algorithm stops if one of the following requirements is fulfilled:
o The number of remaining (not classified) nodes in the graph is lower than 1 % of the total
number of nodes already stored as neighbor or central nodes, i.e.,

_ Ez |N(Ci) U Ségril)
M

1

< 0.01.

o The maximal value of the initial weighted node degree (before any normalization has occurred)
among the remaining nodes is less than 0.01.

o The maximal value of the weighted node degree (before the last normalization) is lower than
107°. This condition, together with the previous one, double check that only sparse and
marginal nodes which have not been added to the last cluster remain.

Cl) (CNc)

When the algorithm stops, we are thus left with several cluster sets SC(en s, Seen©’, where N is the total
number of detected clusters. All central nodes contained in these sets are labeled with their corresponding
cluster index ¢;. All other nodes are still unclassified at this stage (including those in the neighborhood sets
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./\f(ci)). To label the remaining nodes, we use a k-NN classifier, namely the EWC-FAISS classifier introduced
in Ref. Kalweit et al.|(2024), which we also consider later for cell classification. This method is well suited
to our problem because it performs adaptive nearest-neighbor search on a kNN graph to assign labels —
exactly matching our objective of labeling nodes in a graph based on their proximity to central nodes. In
this step, the FAISS index is trained on the labeled central nodes and subsequently used to propagate labels
to the remaining nodes. Since the central node labels themselves were obtained through a cluster detection
algorithm, the entire labeling process remains fully unsupervised.

As a final refinement, we filter out sparse clusters, i.e., clusters that are not well organized around a few
representative nodes. For each detected cluster, we identify the most central node (using closeness centrality)
and require that at least 60% of the cluster’s nodes are reachable within two hops from this central node.
Nodes belonging to clusters that fail this criterion are reassigned: we retrain the k-NN classifier on the
remaining clusters and use it to reclassify the nodes from the eliminated clusters.

To understand and visualize what the algorithms does, let us consider the simplified example shown in Fig.
[8] where several iterations of the algorithm are displayed. The graph contains three clusters where nodes
accumulate and we only show in detail the first cluster. The weighted node degrees d; are indicated, on top
of each node, labeled from 0 to 8. For this particular example, the normalized node degree vector reads
d=(0.8,0.8,0.8,0.4,0.2,1,0.8,0.4,0.6...)T.

For simplicity, we assume that the graph has simple edge weights, i.e., e;; = 1 if nodes ¢ and j are connected,
otherwise e;; = 0. We also assume the following similarity matrix coefficients: for ¢ # j, W;; = 1 if e;; > 0,
Wi; = 2 if ;5 = 0, and W;; = 0. Note that here similarity matrix coeflicients and edge weights are not
related through equation[7] While this example does not precisely match the cell graph structure we consider
in the paper, its purpose is simply to illustrate how the algorithm works.

The node with the maximal node degree is selected to be the first central node. In our case, it corresponds
to node 5 with ds = 1 (colored in red in the first top left graph of Fig. . Thus, Ségﬁl) = {5}.

To select the next central node, we first aggregate all 2-hop neighbors of the current central node; it corre-
sponds here to all nodes from 0 to 8 (including the central node 5 itself). Then, we proceed with step 3 (see

above) and compute W(h:27cl). Here, this vector is W(h:27cl) =(2,1,1,1,1,0,1,2,2). We then filter all
T7(h=2,c1)

nodes for which condition is true. In our example the condition is W > 1.22, and we thus filter
nodes 0, 7 and 8. Then, the next selected central node is the one with the highest node degree among the
remaining 2-hop nodes (see step 4 of the algorithm detailed above) excluding the current central node (we
just set ds = 0). Here, there are three potential candidates with d = 0.8: 1, 2, 6. In real situations, since
weighted node degrees directly depend on the edge weights, which in turn depend on the distance between
cell samples, it is almost impossible that two nodes inherit from the exact same weighted node degree; if
that happens, we just select randomly one of the nodes. Here, we assume that node 2 has been selected —
see the second graph in Fig. [§] where node 2 is now colored in red.

=2,c1)

We now repeat the above steps for node 2. The filtering condition |15{ now reads W,(Ch > 1.33. We thus
consider as new central node candidates 0, 1 and 6 (excluding 2 and 5, the current seed nodes). Again, all
these nodes have the same weighted node degree. We thus select randomly node 1.

One iteration further, node 0 is then selected and we have at this stage Ségﬁ) ={0,1,2,5}. A step further,
one can check that the only potential candidate is node 6. At variance to the true algorithm and to illustrate
how new clusters are detected, we assume that here we proceed to step 8 and perform test [16| as soon as 4
nodes have been stored in a cluster (instead of 10, see step 7). To determine whether node 6 belongs to the
current cluster, we thus need to compute quantity which, as stated above, is constructed iteratively. In
our case

T
Ween = mean [Wy], mean [Wy], mean [Wy]]| =(1,1,4/3)".
1esie={5} lesie)={2,5} lesiei)={1,2,5}

Node 6 has not been added to the cluster yet; therefore, there are only three coefficients at the moment

in WS<C1). One checks easily that condition is still true: Wﬁ(CI) = 5/4, mean (WS(cl)> = 10/9, and
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std (WS(CI)> = 0.16. Node 6 is thus added to Ségg) and colored in red; the situation is depicted in the

cen

bottom right graph of Fig.

Given the 2-hop neighborhood of node 6, only node 7 remains as a potential central node candidate. We now

have W7 = 9/5 and W = (1,1,4/3,5/4)7, i.e., mean (Ws<c1)) —1.15 and std (W3<Cl)) —0.15. One

checks that condition [16]is not respected for node 7; this is not surprising since this node is only connected
(c1)

to cluster 555;) through node 6. Note the jump from Wﬁ(cl) = 1.25 to W7 = 1.8, characteristic of the
(c1)

emergence of a new cluster. Therefore, node 7 is not added to Scen’ and a new cluster Sc(gﬁ) is created. Before
selecting the first central node of Sie) (not necessarily node 7), all weighted node degrees of S and Niey
are put to zero, and the entire node degree vector d is normalized between 0 and 1. The maximal node
degree after normalization is carried by node 8, which becomes the new central node of Ségﬁ). The situation
is depicted in the last bottom left graph of Fig. [8] where node 8 has been colored in blue as it belongs to a

new cluster.

Nodes 3 and 4 will most probably remain unassigned; this is where the k-NN search will prove useful to label
these remaining nodes. Given the graph structure, nodes 3 and 4 will be most likely attached to cluster ¢;.

A.2 Shared cell type identification through similarity score vectors cs(¢i)

After grouping cells into clusters in the test dataset Diest, the next step is to identify the cell types shared
between the test and training datasets. This allows us to filter out training classes that are not present in
the test dataset to improve both optimal mapping and cell classification.

In this appendix, we detail the computation of similarity score vectors cs(®) that are used to detect matching
cell types across datasets.

Throughout this section, test clusters are denoted by ¢;, while cell type subsets in the training dataset are
denoted as ¢t to avoid confusion between label cell types and unlabeled clusters.

First we start by computing correlations between test and training embeddings for each encoder using cosine
similarity:

gtest, enc gtrain, enc
k l

]fé;lc = ||5}zest,en0|| ||(¢:lt1rain7 encH’ (17)
Then, we group and average correlations over test clusters and training cell types:
Cire= mean (Cp). (18)

k€c;,lect@

These results are stored in NSt x N similarity matrices C**¢, where N&*' is the number of detected
clusters in Diest, and J\/'gai“ denotes the number of cell type subsets in Dyain. Shared cell types between
the test and training datasets are expected to exhibit strong correlation signals, and these are precisely
the signals we aim to identify for each test cluster (see Fig. @(a) where an example of such a matrix for
DinoBloom encoder and test and train datasets WBC and PBC is shown).

To detect these signals, we first need to discriminate signal from noise. Indeed, it might happen that for
certain foundation model no signal stands out for any particular training cell types; in that case, it is better
to discard this encoder since it will only add noise and randomly identify matching clusters. The absence of
out-of-noise signal does not necessarily indicate that the test cluster cell type is not present in the training
dataset; most of the time, such an encoder is not able to generate embeddings which group cells into clusters.
Therefore, when computing correlations from these embeddings, no particular pattern can be identified and
it results in random correlation signals. To remove noisy signals, we simply compute the mean signal-to-noise
ratio over all test cluster:

O—C.ellc
SNR = mean {1} , (19)
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Cluster 2

Cluster 3 : . Cluster 3

Cluster 3

Figure 8: Illustrative run of our cluster detection algorithm on a small toy graph. Starting from the node
with the highest weighted node degree (the central node), neighboring nodes are iteratively aggregated into
the cluster Sc(glll) until the new-cluster condition is no longer satisfied; a new cluster Ségﬁ) (blue node) is then
initiated. Remaining unassigned nodes (e.g., nodes 3 and 4) are labeled afterwards using the k-NN search.

where C;™¢ = mean  (C;7¢), and ogene = std (Cgpe). If this ratio is below 5%, the associated
k€ci, l€Dtrain i k€ci, l€Dtrain

encoder is discarded. When all encoders but one are removed, we lower the SNR, threshold by 1% until at
least two encoders are kept.

Once only encoders revealing high enough out-of-noise correlation signals are selected (typically between 2
and 4 encoders), we combine their results to strengthen large correlation signals. Indeed, two clusters sharing
high correlations for different encoders most probably belong to the same cell type. Combining encoders
also mitigates errors resulting from the use of only one encoder. We proceed as follows:

1. We normalize the coefficients to exhibit signals out of the noise:
Ciejnc _ Czenc

N,enc __
ey =2 (20)

O Genc
Cienc
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where quantities used in this normalization step are defined below equation here, mean and
standard deviation are computed along each matrix row (one test cluster versus all training cell

types).

2. To enhance correlation signals beyond one standard deviation to the mean and damp those below
half a standard deviation, we apply a nonlinear function f (Cij}[’enc) = tanh [3(Cg’em - 0.5)} to each

matrix coefficient. It also normalized all values between -1 and 1 such that it provides for each test
cluster a correlation score to each training cell types. We denote the resulting matrix Crov-en¢ where
the superscript row means that normalization [20]is along each matrix row.

3. The final step consists of averaging over all encoders: C™% = mean Crowvenc]. An example of such

enc

a normalized matrix for white-blood cell datasets WBC (unlabeled test) vs PBC (labeled train) is
shown in Fig. [10fa).

4. We repeat the previous steps, but we now normalize the initial matrix along each column. In this
case, we are interested in correlation signals for each cell type subsets versus all test clusters. This
step is important because for two clusters of the same cell type a high correlation signal should only
peak for these two clusters and no others. By looking row-wise and column-wise we ensure that this
is the case. We obtain a new normalized matrix Cc°!.

5. On top of that, the highest correlation signal found for each encoder will correspond to the predicted
matching cluster either in the training or the test dataset by looking row-wise or column-wise,
respectively. Instead of averaging other all encoders, we can also count the number of times that a
matching pair of clusters has been predicted.

For instance, referring to Fig. [0[a), test cluster 5 in the WBC dataset exhibits a high signal (0.21)
with cell type ground-truth label 4 (corresponding to monocytes) in the PBC dataset. If we proceed
in the same manner for all selected encoders, we find that WBC test cluster 5 is identified two
times to PBC ground-truth label 4 and only once to label 10. Therefore, counting the number of
times each PBC cell type is identified as the best matching class for WBC cluster 5 will result in
a 11-dimensional vector (here NEBC = 11) with a 2 for label 4, 1 for label 10 and 0 elsewhere.
Proceeding in the same manner for each test cluster leads to a new matrix that we also normalize
between -1 and 1 and denote as N™". The not normalized and normalized matrices N™" are shown

in Figs. |§|(b) and b), respectively.

6. Of course, the same holds column-wise: how many times a WBC cluster is identified as the best
matching group for each PBC cell type? This results in 10-dimensional vectors (here the number of
detected clusters in WBC is NYYBC = 10) for each PBC cell type that we concatenate all together
in a matrix. As a final step, we transpose the matrix such that it has the same dimensions as N™V
and we denote it as N,

7. We finally sum row-wise and column-wise matrices together to gather all results in only two matrices
M and M defined as

W NTow
Mrow = —; , Mcol =

Acol Ncol
C% (21)

To summarize the above procedure, final matrices M™% and M®! contain normalized matching scores for
all pairs of test clusters and training (ground-truth) cell types. Matrix coefficients with values close to 1
indicate a high probability of matching.

To exploit the results stored in these two matrices and visualize them, we can interpret each row of these
matrices as a vector containing the matching scores between one test cluster and all cell types in the training
dataset. Therefore, for each test cluster ¢;, we can create multidimensional vectors as follows:

ese) = (@{™) ,c*sﬁ\jgm)fp, with @3(°) = (MY, ME2D). (22)
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Figure 9: (a) Matrices CroW: BLOOM that gathers correlations between pair of detected test WBC clusters and
training PBC cell types computed from cosine similarity between DinoBloom embeddings. The gray boxes
highlight the maximal (and not normalized) correlation signal. The z-labels correspond to the ground-truth
PBC cell types, while the y-labels just correspond to labels given by the cluster detection algorithm as new
clusters are detected. (b) Matrices N™" that gathers the number of times that a matching pair of test WBC
and training PBC cell types has been predicted by an encoder. Here, three encoders were used; whenever
a matrix coefficient is equal to 3, it means that all encoders have predicted a high correlation between the
same pair of clusters.
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Figure 10: Same as Fig. [0} but with normalized coefficients and averaged over all encoders. The normalization
is performed row-wise: for each row we constrain values between -1 and 1.

The vectors cs(¢?) contain normalized similarity scores and are composed of N'C*#" two-dimensional vectors
¢5j(¢). Each of these two-dimensional vectors can be interpreted as a coordinate pair, making it possible to
visualize them directly in a plot.

Such plots can be observed in Figs. for the LISC dataset (with WBC as the reference labeled dataset).
Five clusters have been detected for LISC using the algorithm detailed in Appendix [A.T] thus resulting in
five plots (one plot for each cs(®) i ranging from 1 to 5). On each plot, dots correspond to the 2-dimensional
vectors c'égci). The rightmost point corresponds to the most probable matching cell type. Indeed, we recall
that each point carries the row-wise and column-wise matching scores as coordinates (see equation .
Therefore, the rightmost part of the plot corresponds to high matching scores (the closer to 1, the better).
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In particular, if one of the vectors c'ég-ci) has coordinates (1, 1), it means that the highest correlation signal

has been always found between cell type ct'?) and the corresponding test cluster ¢; for all selected encoders.
Next to each dot, one finds two numbers: the corresponding WBC cell type (labels between 0 and 7, see the

caption of Fig. for label-to-cell type correspondence), as well as its normalized distance to the rightmost
point of coordinates (1,1) computed as follows:

C [ 2min (- M, 1 - M) V0= M)+ (1 - Mg
pj 3v2 '

Rather than a distance, pE-Ci) can be better interpreted as a matching probability of cluster test ¢; with the

corresponding cell type ct¥). From the plots of Figs. one concludes that LISC detected cluster 0 can be
identified to cell type 6, i.e., neutrophils (with the highest possible matching probability péo) = 1). Cluster 1,
2, 3 and 4 can be identified to WBC labels 0 (basophils), 3 (lymphocytes), 4 (monocytes) and 1 (eosinophils),
respectively. Its a perfect match: one can check from LISC ground-truth labels that clusters 0 to 4 indeed
correspond to the found cell types. It will be then possible to eliminate all cell samples of another type in
WBC (i.e., lymphoblasts, monoblasts and normoblasts), when using it as the training dataset for LISC cell
classification.

(23)

B Global Accuracy Accgoha used in Sec. [5.1]

The global accuracy, Accglobal, Used to assess the precision of shared cell type identification, is defined as

Spred N Sground—truth Npred—ﬁltered

ACCglobal = (24)

|Sground—truth‘ Ngt—ﬁltcrcd ’

In the equations above, Spreq denotes the set of predicted shared cell types between a given test dataset and
the reference dataset, while Sground—truth 1S the corresponding set of true shared cell types (based on the test
dataset’s ground-truth labels).

The global accuracy, Accglobal, combines two factors:

e the fraction of correctly predicted shared cell types

Spred N Sground—truth

)

| Sground—truth |

which measures how well the predicted overlap matches the true overlap (|Sground—trusn| is the number
of true shared cell types); and

e the quality of class filtering in the reference dataset
Npred—ﬁltered
Ngtfﬁltered ’

where Mpred—filtered is the number of classes correctly predicted as filtered, and Ngi_fiterea 1S the
total number of classes that should be filtered, i.e., all cell types that are not present in the test
dataset.

This second term penalizes cases where all shared cell types are detected (maximizing the first ratio
of Accglobal) but spurious classes in the reference dataset are not removed.

C Al classification results
In this section, we show the classification results for all datasets (after class filtering). In total, we tested

our approach and pipeline on 15 different pairs of training and transfer live and white blood cell datasets.
Here are the correspondence between result tables and pairs of dataset:
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Figure 11: 2-dimensional visualization cluster matching between LISC (unlabeled test dataset) and WBC

(labeled training dataset). Each graph shows the 2-dimensional vectors cfsgci) contained in cs(¢?) (see equa-

tion for each detected LISC cluster ¢;. In the present case, five clusters have been detected by the cluster
detection algorithm detailed in Appendix resulting in five different graphs. Labels on top of each dot
contain two numbers: the first integer indicates the corresponding cell group (0: basophils, 1: eosinophils,

2: lymphoblasts, 3: lymphocytes, 4: monocytes, 5: monoblasts, 6: neutrophils, 7: normoblasts); the second

number is the overall matching score pgci) computed from expression equation The closer this number

is from 1 (the closer the blue dot is from the upper right corner of the plot), the highest are correlations
between the corresponding test clusters ¢; and cell type ct?). The red, black and blue solid lines are different

contours of matching score pgcf‘),

1. Transfer dataset: WBC, training dataset: PBC — Table [9]

2. Transfer dataset: RAABIN, training dataset: PBC — Table [I0]

3. Transfer dataset: LISC, training dataset: PBC — Table

4. Transfer dataset: PBC, training dataset: WBC — Table

5. Transfer dataset: RAABIN, training dataset: WBC — Table [13]

6. Transfer dataset: LISC, training dataset: WBC — Table [T4]

7. Transfer dataset: RAABIN, training dataset: WBC-PBC (Combination 1) — Table
8. Transfer dataset: RAABIN, training dataset: WBC-PBC (Combination 2) — Table

9. Transfer dataset: LISC, training dataset: WBC-PBC (Combination 1) — Table
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10. Transfer dataset: LISC, training dataset: WBC-PBC (Combination 2) — Table
11. Transfer dataset: LISC, training dataset: WBC + PBC + RAABIN — Table
12. Transfer dataset: Lionheart (2 classes), training dataset: Nanolive — Table

13. Transfer dataset: Lionheart (3 classes), training dataset: Nanolive — Table

14. Transfer dataset: Nanolive (2 classes), training dataset: Lionheart — Table

15. Transfer dataset: Nanolive (2 classes), training dataset: Lionheart — Table

Table 9:  Comparison of encoder performance with class filtering and with (v') or without (X) optimal
transport (OT) — Transfer dataset: WBC, training dataset: PBC. The last row shows the ensemble voting
performance (including OT), and the average Apr row summarizes the mean gain across all encoders.

Transfer: WBC

Train: PBC Acc. (OT: X)  Acc. (OT:v') F1(OT:X) F1(OT:v) A Acc. AF1
SAM 39.01 50.99 42.12 54.90 11.98 12.78
DINO 57.48 72.37 68.75 77.22 14.9 8.47
ConvNeXt 59.10 72.89 59.82 72.73 13.8 12.91
SWIN 74.91 81.31 77.95 80.55 6.39 2.59
CLIP 50.98 74.90 55.99 78.39 23.91 22.4
ViTMAE 30.19 32.98 32.84 31.25 2.79 -1.59
DinoBloom 95.96 84.84 95.65 82.81 -11.11 -12.83
CN + SWIN 69.34 81.72 71.62 81.80 12.38 10.17
SAM + CN + SWIN + CLIP 73.28 84.48 75.33 84.51 11.21 9.18
DINO + CN + ViTMAE + SWIN 72.09 86.03 75.24 86.22 13.94 10.98
CN + SWIN + ViITMAE 70.11 82.35 72.37 82.36 12.24 9.99
DINO + CN + SWIN 71.70 86.17 74.58 86.44 14.47 11.86
DINO + CN + ViTMAE 64.00 80.00 66.33 81.38 16.0 15.05
DINO + ViTMAE + SWIN 78.44 85.86 82.25 86.08 7.42 3.83
Ensemble Voting method 86.11 92.54 87.82 92.14 6.43 4.32
Average Aor - - - - 10.45 8.01
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Table 10: Comparison of encoder performance with class filtering and with (v') or without (X) optimal
transport (OT) — Transfer dataset: RAABIN, training dataset: PBC. The last row shows the ensemble voting
performance (including OT), and the average Apr row summarizes the mean gain across all encoders.

Transfer: RAABIN

Train: PBC Acc. (OT: X)  Acc. (OT:v) F1(OT:X) F1(OT:v) A Acc. AF1
SAM 19.76 25.54 29.55 51.30 5.77 21.75
DINO 35.73 55.49 71.49 61.66 19.77 -9.82
ConvNeXt 30.59 37.89 69.16 59.11 7.29 -10.05
SWIN 29.42 51.78 66.70 60.17 22.35 -6.53
CLIP 31.54 36.72 57.51 48.97 5.19 -8.55
ViTMAE 20.37 25.98 15.68 35.90 5.62 20.22
DinoBloom 53.34 67.53 61.72 48.57 14.18 -13.15
CN + SWIN 35.38 49.63 72.64 63.55 14.25 -9.09
SAM + CN + SWIN + CLIP 37.77 51.57 73.57 63.66 13.81 -9.91
DINO + CN + ViTMAE + SWIN 36.74 57.57 73.48 67.54 20.83 -5.94
CN + SWIN + ViTMAE 34.53 52.17 72.25 64.27 17.64 -7.98
DINO + CN + SWIN 36.93 56.59 73.91 67.25 19.67 -6.66
DINO + CN + ViTMAE 31.79 46.38 70.46 65.58 14.58 -4.88
DINO + ViTMAE + SWIN 32.30 67.83 68.79 65.05 35.53 -3.75
Ensemble Voting method 45.64 64.35 70.00 77.30 18.71 7.3

Average Aor - - - - 15.68 -3.14

Table 11:  Comparison of encoder performance with class filtering and with (v') or without (X) optimal
transport (OT) — Transfer dataset: LISC, training dataset: PBC. The last row shows the ensemble voting
performance (including OT), and the average Ao row summarizes the mean gain across all encoders.

Transfer: LISC

Train: PBC Acc. (OT: X)  Acc. (OT:v') F1(OT:X) F1(OT:v) A Acc. AF1
SAM 37.03 37.14 34.95 36.65 0.11 1.7

DINO 46.70 58.45 43.07 59.13 11.75 16.06
ConvNeXt 41.56 46.43 35.02 44.75 4.87 9.72
SWIN 25.65 52.82 17.66 48.22 27.17 30.56
CLIP 26.89 28.00 16.13 27.19 1.11 11.06
ViTMAE 19.51 25.82 10.56 23.99 6.31 13.44
DinoBloom 66.38 54.19 68.65 48.95 -12.19  -19.71
CN + SWIN 32.11 45.77 24.57 44.51 13.66 19.93
SAM + CN + SWIN + CLIP 30.94 48.30 23.36 47.11 17.37 23.75
DINO + CN + ViTMAE + SWIN 31.55 62.72 26.32 61.76 31.17 35.44
CN + SWIN + ViTMAE 29.75 45.38 21.83 44.40 15.63 22.57
DINO + CN + SWIN 33.12 62.60 27.78 62.02 29.48 34.23
DINO + CN + ViTMAE 42.60 62.32 37.48 62.47 19.72 24.98
DINO + ViTMAE + SWIN 31.91 63.42 24.44 63.52 31.5 39.08
Ensemble Voting method 53.89 71.23 54.64 70.34 17.34 15.69
Average Aor - - - - 14.33 18.57
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Table 12: Comparison of encoder performance with class filtering and with (v') or without (X) optimal
transport (OT) — Transfer dataset: PBC, training dataset: WBC. The last row shows the ensemble voting
performance (including OT), and the average Apr row summarizes the mean gain across all encoders.

Transfer: PBC

Train: WBC Acc. (OT: X)  Acc. (OT:v) F1(OT:X) F1(OT:v) A Acc. AF1
SAM 33.73 32.87 35.50 43.64 -0.86 8.14
DINO 66.08 71.56 67.83 76.72 5.48 8.89
ConvNeXt 69.00 60.83 61.35 65.38 -8.17 4.03
SWIN 65.11 58.63 70.74 66.32 -6.48 -4.42
CLIP 63.00 59.98 67.12 65.70 -3.02 -1.42
ViTMAE 21.54 35.18 4.97 23.01 13.64 18.04
DinoBloom 93.84 85.99 92.42 85.88 -7.85 -6.54
CN + SWIN 72.67 64.05 70.24 69.32 -8.62 -0.92
SAM + CN + SWIN + CLIP 76.36 66.58 75.71 72.16 -9.78 -3.55
DINO + CN + ViTMAE + SWIN 75.74 65.98 73.88 70.98 -9.76 -2.9
CN + SWIN + ViTMAE 73.53 63.68 70.38 68.81 -9.85 -1.57
DINO + CN + SWIN 75.20 66.14 74.27 71.33 -9.06 -2.94
DINO + CN + ViTMAE 75.17 64.82 70.10 70.33 -10.35 0.24
DINO + ViTMAE + SWIN 71.43 65.88 75.46 72.10 -5.54 -3.36
Ensemble Voting method 88.68 88.67 89.30 90.71 -0.01 1.41
Average Aor - - - - -4.68 0.88

Table 13:  Comparison of encoder performance with class filtering and with (v) or without (X) optimal
transport (OT) — Transfer dataset: RAABIN, training dataset: WBC. The last row shows the ensemble
voting performance (including OT), and the average Apr row summarizes the mean gain across all encoders.

Transfer: RAABIN

Train: WBC Acc. (OT: X)  Acc. (OT:v') F1(OT:X) F1(OT:v) A Acc. AF1
SAM 24.42 36.77 28.16 56.73 12.35 28.57
DINO 52.51 62.28 65.50 62.69 9.77 -2.81

ConvNeXt 56.96 58.57 73.88 65.36 1.61 -8.52

SWIN 44.93 68.64 79.03 68.79 23.71 -10.24
CLIP 45.31 53.11 78.58 58.62 7.8 -19.96
ViTMAE 21.18 29.19 24.69 43.49 8.02 18.8

DinoBloom 88.65 85.07 91.95 65.58 -3.58 -26.37
CN + SWIN 53.54 66.42 82.43 68.70 12.88  -13.73
SAM + CN + SWIN + CLIP 57.34 64.52 84.54 64.11 7.18 -20.44
DINO + CN + ViTMAE + SWIN 54.57 65.96 82.42 66.32 11.39 -16.1

CN + SWIN + ViITMAE 53.48 66.36 82.39 68.37 12.88  -14.03
DINO + CN + SWIN 54.59 66.27 82.26 66.74 11.68 -15.51
DINO + CN + ViTMAE 59.31 62.65 77.54 65.97 3.34 -11.56
DINO + ViTMAE + SWIN 47.02 68.97 79.92 67.85 21.96  -12.07
Ensemble Voting method 73.45 84.74 88.38 88.29 11.29 -0.08
Average Aor - - - - 10.15 -8.27
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Table 14: Comparison of encoder performance with class filtering and with (v') or without (X) optimal
transport (OT) — Transfer dataset: LISC, training dataset: WBC. The last row shows the ensemble voting
performance (including OT), and the average Apr row summarizes the mean gain across all encoders.

Transfer: LISC

Train: WBC Acc. (OT: X)  Acc. (OT:v) F1(OT:X) F1(OT:v) A Ace. AF1
SAM 27.93 30.86 20.24 30.10 2.93 9.86
DINO 50.49 51.75 51.92 53.79 1.26 1.87
ConvNeXt 55.07 55.73 55.45 54.94 0.65 -0.52
SWIN 31.48 66.38 24.87 66.63 34.9 41.75
CLIP 22.35 51.94 11.06 52.24 29.58 41.18
ViTMAE 11.74 26.31 11.70 25.91 14.57 14.21
DinoBloom 76.79 80.54 77.59 79.83 3.75 2.25
CN + SWIN 47.34 60.40 42.44 59.99 13.06 17.55
SAM + CN + SWIN + CLIP 46.63 62.53 42.08 61.44 15.9 19.36
DINO + CN + ViTMAE + SWIN 48.43 62.19 42.52 63.11 13.76  20.59
CN + SWIN + ViTMAE 47.72 60.40 42.60 60.09 12.68 17.49
DINO + CN 4 SWIN 47.70 62.99 41.92 64.04 1529 2212
DINO + CN + ViTMAE 60.66 57.85 60.81 58.19 -2.81 -2.62
DINO + ViTMAE + SWIN 36.24 62.83 31.45 64.32 26.59  32.87
Ensemble Voting method 59.98 72.01 61.18 73.13 12.03 11.95
Average Aor - - - - 12.94 16.66

Table 15: Comparison of encoder performance with class filtering and with (v') or without (X) optimal
transport (OT) — Transfer dataset: RAABIN, training dataset: WBC-PBC (COMBINATION 1). The
training dataset WBC-PBC (COMBINATION 1) contains cells from WBC and PBC as follows: cell types 0
(basophils), 1 (eosinophils), 3 (lymphocytes) from WBC and 4 (monocytes), 6 (neutrophils) from PBC. The
last row shows the ensemble voting performance (including OT), and the average Apr row summarizes the
mean gain across all encoders.

Transfer: RAABIN

Train: WBC-PBC (COMB. 1) Acc. (OT: X)  Acc. (OT:v') F1(OT:X) F1(OT:v) A Acc. AFI1
SAM 7.94 25.37 23.93 50.36 17.42 26.43
DINO 27.73 50.86 63.84 63.99 23.13 0.15

ConvNeXt 33.25 36.99 68.00 56.27 3.74 -11.73
SWIN 26.62 55.55 66.97 57.22 28.93 -9.75
CLIP 29.82 35.21 58.86 48.52 5.39 -10.34
ViTMAE 31.62 19.60 10.01 42.48 -12.02  32.48
DinoBloom 58.59 72.13 70.10 56.82 13.54  -13.28
CN + SWIN 30.09 51.89 69.29 58.09 21.8 -11.2
SAM + CN + SWIN + CLIP 31.67 51.23 70.22 57.05 19.56  -13.17
DINO + CN + ViTMAE + SWIN 31.47 56.27 70.74 62.44 24.8 -8.3

CN + SWIN + ViTMAE 31.67 51.92 70.69 59.21 20.25 -11.48
DINO + CN + SWIN 29.96 56.13 69.58 61.67 26.17 -7.91
DINO + CN + ViTMAE 34.56 41.72 70.47 62.33 7.16 -8.14
DINO + ViTMAE + SWIN 28.83 61.64 68.79 63.78 32.81 -5.01
Ensemble Voting method 44.98 69.34 72.46 79.47 24.36 7.01

Average Aor - - - - 17.14 -2.95
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Table 16: Comparison of encoder performance with class filtering and with (v') or without (X) optimal
transport (OT) — Transfer dataset: RAABIN, training dataset: WBC-PBC (COMBINATION 2). The train-
ing dataset WBC-PBC (COMBINATION 2) contains cells from WBC and PBC as follows: 4 (monocytes),
6 (neutrophils) from WBC and cell types 0 (basophils), 1 (eosinophils), 3 (lymphocytes) from PBC. The
last row shows the ensemble voting performance (including OT), and the average Apr row summarizes the
mean gain across all encoders.

Transfer: RAABIN

Train: WBC-PBC (COMB. 2) Acc. (OT: X) Acc. (OT:v') F1(OT:X) F1(OT:v) A Acc. AF1
SAM 17.49 26.84 19.01 53.04 9.35 34.03
DINO 32.25 51.07 36.85 52.57 18.82 15.72
ConvNeXt 27.37 37.80 54.38 58.39 10.43 4.01
SWIN 26.13 56.02 47.04 58.99 29.89 11.94
CLIP 22.78 39.96 52.12 47.98 17.19 -4.14
ViTMAE 19.37 27.32 27.98 23.37 7.94 -4.61
DinoBloom 60.61 68.44 65.17 46.85 7.83 -18.32
CN + SWIN 29.47 49.32 57.22 60.68 19.85 3.46
SAM + CN + SWIN + CLIP 31.40 51.24 60.20 59.50 19.83 -0.7
DINO + CN + ViTMAE + SWIN 31.87 55.08 56.97 61.08 23.21 4.11
CN + SWIN + ViTMAE 31.58 50.74 61.39 59.78 19.16 -1.61
DINO + CN + SWIN 29.61 55.18 52.50 62.26 25.57 9.76
DINO + CN + ViTMAE 28.16 44.44 53.11 61.37 16.29 8.26
DINO + ViTMAE + SWIN 32.43 62.27 50.40 57.87 29.84 7.47
Ensemble Voting method 48.50 68.71 63.79 70.13 20.2 6.34
Average Aor - - - - 18.36 5.05

Table 17:  Comparison of encoder performance with class filtering and with (v') or without (X) optimal
transport (OT) — Transfer dataset: LISC, training dataset: WBC-PBC (COMBINATION 1). The training
dataset WBC-PBC (COMBINATION 1) contains cells from WBC and PBC as follows: cell types 0 (ba-
sophils), 1 (eosinophils), 3 (lymphocytes) from WBC and 4 (monocytes), 6 (neutrophils) from PBC. The
last row shows the ensemble voting performance (including OT), and the average Apr row summarizes the
mean gain across all encoders.

Transfer: LISC

Train: WBC-PBC (COMB. 1) Acc. (OT: X)  Acc. (OT:v) F1(OT:X) F1(OT:v) A Ace. AF1
SAM 37.91 29.47 33.95 28.50 -8.43 -5.45
DINO 33.68 48.34 33.25 50.57 14.66 17.32
ConvNeXt 46.02 53.91 42.80 52.10 7.89 9.3

SWIN 22.19 61.51 18.83 60.89 39.32  42.05
CLIP 23.54 41.40 16.47 41.09 17.86  24.62
ViTMAE 35.94 25.31 29.30 23.39 -10.63  -5.91
DinoBloom 66.54 73.56 63.44 72.72 7.02 9.29
CN + SWIN 30.54 61.16 22.39 59.97 30.63  37.58
SAM + CN + SWIN + CLIP 31.71 62.27 23.52 60.38 30.56  36.86
DINO + CN + ViTMAE + SWIN 33.72 62.24 28.94 61.96 28.52  33.02
CN + SWIN + ViTMAE 29.37 61.61 21.65 60.22 32.24  38.57
DINO + CN + SWIN 31.71 63.53 25.84 63.42 31.82  37.58
DINO + CN + ViTMAE 52.23 59.20 54.40 58.63 6.97 4.23
DINO + ViTMAE + SWIN 28.72 59.18 21.11 60.59 30.45  39.48
Ensemble Voting method 52.73 77.30 56.24 77.23 24.57 20.99
Average Aor - - - - 18.9 22.63
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Table 18: Comparison of encoder performance with class filtering and with (v') or without (X) optimal
transport (OT) — Transfer dataset: LISC, training dataset: WBC-PBC (COMBINATION 2). The training
dataset WBC-PBC (COMBINATION 2) contains cells from WBC and PBC as follows: 4 (monocytes), 6
(neutrophils) from WBC and cell types 0 (basophils), 1 (eosinophils), 3 (lymphocytes) from PBC. The last
row shows the ensemble voting performance (including OT), and the average Apr row summarizes the mean
gain across all encoders.

Transfer: LISC

Train: WBC-PBC (COMB. 2) Acc. (OT: X)  Acc. (OT:v') F1(OT:X) F1(OT:v) A Acc. AF1
SAM 30.88 34.12 26.84 35.14 3.24 8.3

DINO 40.37 63.11 36.80 62.64 22.75 25.83
ConvNeXt 38.21 50.05 37.44 50.05 11.84 12.61
SWIN 37.38 53.78 26.61 51.24 16.4 24.63
CLIP 21.98 48.70 10.69 49.01 26.73 38.32
ViTMAE 14.07 25.80 6.36 26.62 11.74 20.26
DinoBloom 72.86 60.82 73.29 58.75 -12.04 -14.54
CN + SWIN 39.04 51.59 32.78 51.58 12.54 18.81
SAM + CN + SWIN + CLIP 42.14 49.03 36.47 49.57 6.89 13.1

DINO + CN + ViTMAE + SWIN 40.25 63.82 37.46 64.35 23.57 26.88
CN + SWIN + ViTMAE 38.46 51.77 34.39 52.01 13.31 17.62
DINO + CN + SWIN 39.52 64.14 35.29 64.89 24.62 29.6

DINO + CN + ViTMAE 44.21 67.70 40.83 69.06 23.5 28.23
DINO + ViTMAE + SWIN 35.33 68.27 29.69 69.35 32.94 39.66
Ensemble Voting method 48.31 73.50 43.70 72.29 25.19 28.59
Average Aor - - - - 16.21 21.19

Table 19: Comparison of encoder performance with class filtering and with (v') or without (X) optimal
transport (OT) — Transfer dataset: LISC, training dataset: WBC + PBC + RAABIN. Before filtering, the
training dataset WBC+PBC+RAABIN contains all cells from WBC, PBC and RAABIN, regardless of their
cell type. Best results per encoder (and per metric) are shown in bold. Each A value represents the gain
or loss in performance (in percentage points) from applying OT. The last row shows the ensemble voting
performance (including OT), and the average Aoy row summarizes the mean gain across all encoders.

Transfer: LISC

Train: WBC+PBC+RAABIN Acc. (OT: X)  Acc. (OT:v) F1(OT:X) F1(OT:v) A Acc. AF1
SAM 31.77 35.52 25.17 35.51 3.75 10.34
DINO 33.12 51.79 28.07 51.45 18.67  23.38
ConvNeXt 55.59 56.27 57.68 56.56 0.68 -1.12
SWIN 24.72 64.21 16.37 63.47 39.49 47.1
CLIP 34.03 40.97 32.14 40.35 6.94 8.21
ViTMAE 24.83 26.80 15.99 26.93 1.98 10.95
DinoBloom 70.22 77.26 69.80 76.34 7.05 6.54
CN + SWIN 25.79 61.45 16.56 62.53 35.66  45.98
SAM + CN + SWIN + CLIP 27.24 67.07 19.79 67.71 39.83  47.92
DINO + CN + ViTMAE + SWIN 28.79 68.64 23.11 69.49 39.85  46.39
CN + SWIN + ViTMAE 24.95 61.84 15.25 62.20 36.80  46.95
DINO + CN + SWIN 27.95 67.75 21.48 68.55 39.8 47.07
DINO + CN + ViTMAE 52.57 68.03 53.01 68.83 15.46 15.83
DINO + ViTMAE + SWIN 23.74 63.42 15.31 63.69 39.68  48.38
Ensemble Voting method 55.39 72.45 52.90 70.53 17.06 17.63
Average Aot - - - - 22.85 28.1
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Table 20: Comparison of encoder performance with class filtering and with (v) or without (X) optimal
transport (OT) — Transfer dataset: Lionheart (2 classes), training dataset: Nanolive. The two classes are:
(0) Live cells, (1) Dead cells. The last row shows the ensemble voting performance (including OT), and the
average Apr row summarizes the mean gain across all encoders.

Transfer: Lionheart (2 classes)

Train: Nanolive Acc. (OT: X)  Acc. (OT:v)) F1(OT:X) F1(OT:v) A Acc. AF1
SAM 34.48 43.00 37.51 45.76 8.51 8.25
DINO 77.66 64.98 80.51 67.32 -12.68  -13.19
ConvNeXt 54.41 76.45 47.08 77.87 22.04 30.79
SWIN 56.16 75.66 39.90 77.64 19.5 37.74
CLIP 79.41 72.89 79.79 74.47 -6.52 -5.33
ViTMAE 72.83 77.23 67.16 78.05 4.41 10.88
DinoBloom 76.27 64.98 78.92 67.32 -11.29 -11.6
CN 4+ SWIN 47.64 77.23 29.23 78.05 29.59 48.81
SAM + CN + SWIN + CLIP 51.21 80.80 33.17 81.42 29.59 48.26
DINO + CN + ViTMAE + SWIN 78.20 67.75 76.55 70.37 -10.45 -6.18
CN + SWIN + ViTMAE 49.03 77.05 32.14 79.23 28.02 47.08
DINO + CN + SWIN 80.98 67.75 79.91 70.37 -13.22 -9.54
DINO + CN + ViTMAE 71.32 68.54 73.85 70.76 -2.78 -3.09
DINO + ViTMAE + SWIN 75.66 80.80 77.64 81.42 5.13 3.78
Ensemble Voting method 78.62 74.88 79.66 77.34 -3.74 -2.32
Average Aor - - - - 5.74 12.29

Table 21: Comparison of encoder performance with class filtering and with (v') or without (X) optimal
transport (OT) — Transfer dataset: Lionheart (3 classes), training dataset: Nanolive. The two classes are:
(0) Live cells, (1) Apoptotic cells, (2) Necrotic cells. The last row shows the ensemble voting performance
(including OT), and the average Aoy row summarizes the mean gain across all encoders.

Transfer: Lionheart (3 classes)

Train: Nanolive Acc. (OT: X)  Acc. (OT:v') F1(OT:X) F1(OT:v) A Acc. AF1
SAM 32.28 27.45 12.97 41.25 -4.83 28.27
DINO 54.40 54.46 72.44 62.32 0.07 -10.11
ConvNeXt 36.11 51.52 41.48 68.76 15.41 27.29
SWIN 50.76 61.97 53.44 73.49 11.21 20.05
CLIP 72.52 57.71 73.16 64.63 -14.81 -8.52
ViTMAE 51.39 55.26 43.30 61.77 3.87 18.48
DinoBloom 61.24 49.11 78.95 63.21 -12.14  -15.75
CN + SWIN 32,77 55.46 36.50 72.22 22.69 35.72
SAM + CN + SWIN + CLIP 39.95 54.53 41.83 70.52 14.58 28.7
DINO + CN + ViTMAE + SWIN 57.87 47.95 74.16 63.67 -9.92 -10.49
CN + SWIN + ViTMAE 34.85 54.53 37.72 71.76 19.68 34.04
DINO + CN + SWIN 58.80 43.19 75.78 62.03 -15.61  -13.75
DINO + CN + ViTMAE 52.55 46.46 70.64 57.79 -6.08  -12.85
DINO + ViTMAE + SWIN 52.78 53.97 69.15 69.33 1.19 0.17
Ensemble Voting method 62.07 58.83 77.13 74.79 -3.24 -2.34
Average Aor - - - - 1.47 7.93
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Table 22: Comparison of encoder performance with class filtering and with (v) or without (X) optimal
transport (OT) — Transfer dataset: Nanolive (2 classes), training dataset: Lionheart. The two classes are:
(0) Live cells, (1) Dead cells. The last row shows the ensemble voting performance (including OT), and the
average Apr row summarizes the mean gain across all encoders.

Transfer: Nanolive (2 classes)

Train: Lionheart Acc. (OT: X)  Acc. (OT:v) F1(OT:X) F1(OT:v) A Acc. AF1
SAM 50.00 44.37 20.70 48.14 -5.63 27.44
DINO 63.45 68.14 67.02 70.26 4.69 3.24
ConvNeXt 74.78 75.49 76.25 77.99 0.71 1.74
SWIN 63.52 69.58 57.62 70.02 6.06 12.4
CLIP 68.53 70.70 68.48 70.81 2.17 2.33
ViTMAE 56.97 58.54 41.61 60.04 1.57 18.43
DinoBloom 71.53 68.38 72.00 71.02 -3.15 -0.98
CN + SWIN 71.54 71.62 68.86 72.77 0.08 3.9

SAM + CN + SWIN + CLIP 71.76 71.88 69.20 72.83 0.12 3.62
DINO + CN + ViTMAE + SWIN 68.66 71.57 71.05 72.95 2.9 1.9

CN + SWIN + ViTMAE 71.25 71.65 68.43 72.72 0.4 4.3

DINO + CN + SWIN 68.55 71.59 70.99 72.99 3.04 2.0

DINO + CN + ViTMAE 66.95 70.57 70.04 72.40 3.62 2.36
DINO + ViTMAE + SWIN 64.84 69.62 67.88 71.11 4.78 3.23
Ensemble Voting method 73.28 72.59 72.88 73.44 -0.69 0.55
Average Aor - - - - 1.38 5.77

Table 23: Comparison of encoder performance with class filtering and with (v') or without (X) optimal
transport (OT) — Transfer dataset: Nanolive (3 classes), training dataset: Lionheart. The two classes are:
(0) Live cells, (1) Apoptotic cells, (2) Necrotic cells. The last row shows the ensemble voting performance
(including OT), and the average Aoy row summarizes the mean gain across all encoders.

Transfer: Nanolive (3 classes)

Train: Lionheart Acc. (OT: X)  Acc. (OT:v) F1(OT:X) F1(OT:v) A Acc. AF1
SAM 31.35 29.01 2.51 49.43 -2.34 46.92
DINO 44.57 45.89 61.73 57.60 1.32 -4.13
ConvNeXt 50.22 57.53 56.51 59.84 7.31 3.33
SWIN 48.53 57.95 50.50 67.66 9.42 17.16
CLIP 62.71 61.11 62.42 62.22 -1.6 -0.2
ViTMAE 44.80 51.10 24.56 54.17 6.3 29.61
DinoBloom 60.11 65.52 63.35 66.27 5.41 2.92
CN + SWIN 49.82 60.05 49.33 63.26 10.23 13.93
SAM + CN + SWIN + CLIP 52.38 61.15 51.43 64.11 8.76 12.68
DINO + CN + ViTMAE + SWIN 47.37 56.98 61.48 62.94 9.61 1.46
CN + SWIN + ViTMAE 49.38 59.80 48.72 63.12 10.41 14.4
DINO + CN + SWIN 47.35 56.78 61.50 62.95 9.43 1.45
DINO + CN + ViTMAE 46.72 52.32 61.96 60.48 5.6 -1.48
DINO + ViTMAE + SWIN 45.69 51.68 61.52 60.81 5.99 -0.72
Ensemble Voting method 61.52 65.91 63.97 67.43 4.38 3.46
Average Aopr - - - - 6.02 9.39
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