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Abstract. Hierarchical structure is common in image data, where fine-
grained clusters often merge into larger, coarser semantic clusters. In
biological cell images, current self-supervised learning models tend to
suppress the inherent hierarchical structure, as coarse factors (such as the
imaging modality) systematically obscure finer attributes (e.g., morpho-
logical details) in the latent space. We propose a novel hierarchy-aware
self-supervised training framework to address this problem. Our method
integrates two components: we propose (i) a distillation framework by
introducing a segmentation teacher that improves the latent space’s mor-
phological awareness, and (ii) a hierarchy-aware contrastive loss based on
HDBSCAN to improve decision boundaries between closely related yet
distinct subtypes at each hierarchical level. Both components counteract
the self-supervised learning’s tendency to overemphasize coarse factors
by aligning embeddings with semantic and morphological cues, yielding
biologically meaningful sub-clusters driven by fine morphological detail.
We train and evaluate our method on a curated corpus of 2.3M single
cells aggregated from 20 microscopy datasets (labeled and unlabeled),
covering 208 cell classes. Our method improves upon the counterparts
and baseline, with the average top-K accuracy up by +2.8%, top-9 re-
trieval on the dataset with a deeper hierarchy up by +6.3%, and an
F1-score on biologically relevant classification of administered drug from
perturbed cell morphology downstream up by +7.8%.
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1 Introduction

Accurately labeled microscopy datasets are scarce, motivating self-supervised
learning (SSL)-based methods to encode biologically meaningful signals for down-
stream tasks . Distillation-based models such as DINO |7] scale well with-
out labels and avoid contrastive large-batch or memory-bank overhead, making
them strong base models for this task @

Biological cell imaging presents a distinct set of unsolved challenges for SSL.
Unlike natural images, which exhibit easily separable class boundaries at the
object level (e.g., jay vs. magpie [11,[21]), cellular microscopy images rely on
subtle morphological and textural cues to distinguish similar yet distinct cell
types.

For instance, different cell types can appear indistinguishable under the
same modality (e.g., OPCs and Neurons when captured with the same modal-
ity (Fig. [lHeft)). Conversely, the same cell type can appear markedly different
across imaging modalities; for example, a neuron in brightfield versus the same
neuron in e.g. fluorescence microscopy. A robust latent space should align the
same cell types across modalities while separating distinct cell types within each
modality. This structure reflects stronger morphology awareness and supports
downstream tasks such as drug-perturbation analysis and cell classification. Ex-
amples of multi-modal cell imaging are shown in Fig. [THeft.

The imaging setup, modality, and batch effects tend to be the dominant
features in cell imaging . This encourages models to form coarse “super-
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Fig. 1: HASSL learns a more hierarchical embedding space, leading to improved mor-
phological representation and tighter subclusters. Hierarchy in cell imaging (left) and
the objective with HASSL’s embedding model (right).
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clusters” that obscure biologically meaningful substructure needed for tasks such
as phenotype classification, mechanism-of-action (MOA) inference, or cell-state
discrimination |3|. Supervised class-aware methods offer better performance, al-
though they struggle with generalization due to the scarcity of large and versatile
labeled datasets in cellular imaging |26].

Therefore, we propose an SSL framework that captures hierarchical structure in
a single-cell representation. Our contributions are fourfold:

— Hierarchy-aware objective. To improve intra-supercluster decision bound-
aries, we propose a novel, generalisable, label-free, hierarchy-aware objective
that uses an HDBSCAN cluster tree to define subcluster centroids, pulling
each individual cell towards their parent cluster’s centroid while pushing
them away from other clusters at each level of the hierarchy.

— Double-teacher distillation. To encourage morphology-aware representa-
tions, we add a second distillation teacher that uses segmentation masks as a
weak prior to provide structure-aware supervision. It aims to pull each cell’s
embedding towards its mask view to initiate breaking up modality-driven
superclusters.

— Benchmark curation. We consolidated scattered benchmarks into a uni-
fied single-cell, multi-modality dataset covering 208 labeled classes and 2.3
million single cells.

— Empirical improvements. We outperform state-of-the-art SSL cell em-
bedding baselines across a large multi-modality corpus, with higher retrieval,
clustering, and downstream metrics, reflecting better alignment with biolog-
ically meaningful subclusters.

Code is available at: https://github.com/tum-ai/HASSL.
Curated dataset is available at: https://huggingface.co/datasets/tum-ai/
HASSL-SingleCellBench.

2 Related Work

In this section, we look into visual representation learning, microscopy-specific
cell imaging, and hierarchical SSL, with a focus on representations that preserve
multi-level structure in unlabeled data. For single-cell microscopy, this means
encoding modality and fine-grained morphology across heterogeneous assays, yet
standard self-supervision often overfits to global cues rather than a morphology-
centric hierarchy [23}/61].

General-purpose visual representation learning has shifted from contrastive
objectives to distillation and masked-image modeling. Contrastive methods such
as SimCLR [9] and triplet loss |46] avoid pixel-space generation in VAEs and
VQ-VAEs [30,[50], but require many comparisons, strong augmentations, and
explicit negatives |9,[24]. Distillation methods such as BYOL |20] and the DINO
family [71|411|48] remove negatives via self-distillation, but are tuned for generic
semantics and coarse separation on datasets like ImageNet [11]. They do not
model hierarchy, and in cell imaging they often cluster by modality rather than
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capturing subtle within-modality morphology, limiting single-cell representation
learning.

Cell imaging has followed a similar shift, moving from assay-specific pipelines
to generalisable SSL models. CellPaint [29] benchmarks standard SSL for Cell
Painting using Masked Auto Encoders (MAE) [32], DINO [7], and SimCLR 9],
with DINO as the strongest baseline. Microscopy-specific designs address prac-
tical constraints. Chada-ViT [4] handles variable channel counts via channel-
aware tokenisation. SubCell [22] uses MAE-style pretraining [32] to learn pro-
tein localisation and morphology from Human Protein Atlas (HPA) images [57].
OpenPhenom [32] trains channel-agnostic Vision Transformer (ViT) and MAE
models on millions of RxRx [45] and Cell Painting images. scDINO [44] adapts
self-distillation to fluorescent single-cell crops on top of a DINO backbone. Yet
these methods are often channel- or assay-aware rather than morphology-aware
because they do not link embeddings to segmentation geometry during training,
leaving morphology cues weak.

The works most similar to ours are hierarchy-aware mining methods that
modify pair selection so the loss encodes structure directly CoHiClust [62] learns
a contrastive cluster tree, while SeedViews [59] uses multi-level views with multi-
ple positives to keep semantically similar instances aligned. HCSC |21] is closest
to our approach, dynamically constructing hierarchical prototypes and adap-
tively expanding positives to nearby semantics while sharpening negatives for
distinct samples. However, its recursive k-NN sampling relies on hard positives
and negatives that are difficult to define stably and can under-emphasise fine
morphology, leading to unstable gradients and slower convergence.

Our method combines stability-weighted hierarchical prototypes with double-
teacher distillation. The zero-shot segmentation masks add geometric cues that
guide coarse-to-fine morphology learning, yielding a more hierarchy-aware em-
bedding space.

3 Methodology

We design a representation-learning framework that embeds a single modality
of a single-cell image. This framework enables the model to learn a hierarchy-
aware latent space without any explicit supervision about the hierarchy itself.
To achieve this, we approximate cellular morphology and actively encourage the
formation of meaningful subclusters in the embedding space. Our method must
satisfy two objectives. First, it needs to inform the embeddings about cellular
structure, independent of imaging modality, by leveraging segmentation masks
as weak priors. This initiates the emergence of label-free, morphology-based sub-
clusters. Second, the loss must pull cells belonging to the same subcluster to-
gether while pushing apart cells from different subclusters across all levels of the
hierarchy. We propose an annealed training strategy with an additional teacher
head to instruct the embeddings about the structure, and a loss that uses hi-
erarchical clustering to reinforce the subcluster structures in the latent space.
Figure [2] illustrates our model.
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Fig. 2: Overview of the HASSL pipeline. (1) Segmentation-map generation: microscopy
images are zero-shot segmented 7 which is used as a proxy for morphological features
(2) Double-Teacher distillation: a student ViT is trained with a global image teacher
and a segmentation teacher, promoting subcluster breakout in the latent space. The
teacher’s parameters are updated as EMA (Exponential Moving Average) of the stu-
dent’s weights (3) Hierarchical cluster reinforcement: multi-level clusters are formed
with HDBSCAN ; cluster stability A weights positive pairs within parents, while
negative is defined as %, yielding stability-weighted contrastive learning. (4) Resulting
latent space: the learned embedding organizes cells into superclusters with clearer sub-
clusters (illustrated for astrocytes, neurons, oligodendrocyte progenitor cells (OPCs),
and dead cells), reflecting improved hierarchy awareness and structure-preserving sep-
aration.

3.1 Double-Teacher DINO Distillation

To bias representations away from modality cues and toward morphology, we
guide the model’s attention towards cell shape. To avoid leaking labels, we
pre-compute segmentation masks using a generalist segmentation model. These
mask-derived shape cues enter only through the dataloader as weak, structure-
aware supervision. As a weak prior, these masks can tolerate an acceptable
level of noise and error, while still providing meaningful gradients to the model.
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Therefore, any zero-shot segmentation method would suffice in this case. We
have used CellposeSAM [49] in our approach. With this mask, we implement a
double teacher distillation framework with an additional segmentation teacher
that conditions on both images and masks, supervising the student with mask-
informed targets. This encourages morphology-focused representations and be-
gins to break modality-driven superclusters into morphology-based ones.

As shown in Fig. [2| (Sec. 2), instead of the traditional single-teacher EMA
setup in DINO (global teacher targets vs. cropped student views), we use two self-
supervised teachers: an EMA image teacher that provides global semantic targets
and a segmentation teacher that provides segmentation-aware targets. Both loss
objectives £ aim to minimize the distance between the student ViT’s [14] local-
view embedding and the segmentation and image global-view embeddings of the
teacher ViTs. This design encourages cells of the same class but from different
modalities to align with their segmentation-based embeddings, while allowing
them to separate slightly from their broader modality-specific superclusters.

For the teacher, we compute sharpened, centered targets using Sinkhorn-
Knopp [6], following the approach used in DINOv3 [48]. This gives us our two
targets gimg and gscq over the global view g, defined for image and the segmen-
tation map as:

ql(rgrll)g - SK(Z%qzmg’ T)’ qseg - SK(Z’%QCQ 7_)’ (1)
where zp are the teacher embeddings, and 7 is the temperature for Sinkhorn-
Knopp. To write all view-to-view distillation terms compactly, we functionalize
the objective of DINOv3 [48]. For this, let V' be the set of all student views (global
and local) and Vi C V the teacher views (the global crops). With CE(q,p) =
— > 9k log i, the teacher targets q"*) for v, € V4, and the student probabilities
p?s) for v, € V. The image-level objective is the pooled average over all valid
teacher—student pairs:

o(q.{p}) = AT \V\ Z > CE(¢™), p)). (2)

v €Vy v €V
Us?évt

With this notation, the standard image-to-image loss term of DINO is defined
as:
£img~>img = gp(qim@ {p,(Siji)mg}UEV>' (3)

The teacher’s contribution to the segmentation branch is:

['seg—>seg = @(qseg, {pgieg}UEV)a (4)

Eimg—)seg = QS(QSega {pgfi)mg}vev)- (5>
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The Lgeg—sseg stabilizes the segmentation embedding space. Otherwise, it would
pull the image latent toward unmodeled /noisy segmentation targets. We combine
Egs. B} [ and [5] via a convex combination to get our Double-Teacher objective
as follows:

EDoubleTeacher = (1 - ’7) Eimg%img + Y (Acscg%scg + Eimg%seg) 3 (6)

where v € [0, 1].

3.2 Hierarchy Aware Contrastive Loss

We aim to strengthen the hierarchical subcluster structure in the latent space
without using any labels. In a nutshell, given the batch embeddings, we run HDB-
SCAN [5] to obtain a minimum spanning tree (MST) that reveals each point’s
cluster memberships from leaf to root across the hierarchy. At each level of the
tree, we compute a cluster centroid (“prototype”) and, for each point, mine pos-
itive and negative prototypes within our stability-A-weighted hinge-contrastive
loss. Together, the losses draw each point toward its ancestor prototypes while
repelling negatives at each hierarchical level. Negatives that share the point’s
parent are still drawn to that parent, but in a manner that maximizes their sep-
aration from the point while preserving latent-space integrity, resulting in clear
separation between traditionally similar yet morphologically distinct cells (e.g.,
OPCs and Neurons in brightfield as seen in Fig. left).
Multi-resolution hierarchy-aware prototypes. Flat clustering methods like
DBSCAN |[15] force one resolution. They either merge subtypes or over-fragment
into microclusters. Hierarchical clustering methods avoid this by keeping fine
clusters while grouping them under broader parent clusters. Hence, we use
HDBSCAN on in-memory batch embeddings to obtain the condensed cluster
tree, a minimum-spanning-tree (MST) view of the latent-space hierarchy, setting
min_cluster_size=2 to maximize depth while avoiding singleton leaves. This
depth-first, label-free approach is needed because the categories and subcate-
gories are unknown. Hence, the model discriminates on minute morphological
differences at the leaf level, which supports subtle, biologically relevant down-
stream tasks. As illustrated in Fig. [2] (Sec. 3), each anchor is assigned, at every
level of the hierarchy, to a cluster together with its member points, forming a
nested hierarchy of memberships. Clusters that the anchor does not belong to
serve as negatives. We denote the D dimensional, L2-normalized student em-
bedding of sample i by #; € R” and define the anchor as a; = #;. Each node
¢ in the tree corresponds to a cluster with member set C. and stability (persis-
tence) proxy A.. These level-wise prototypes and stabilities define the positive
and negative sets used for prototype construction and mining in our contrastive
objective.

Rather than traditional instance pairs, we utilize prototypical objectives. For
each positive and negative cluster in Fig. [2] (Sec. 3), we compute centroid pro-
totypes p., (green and red crosses) relative to the anchor, which summarize the
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clusters the anchor belongs to and those it does not, and thus define our posi-
tive and negative prototypes. This lowers gradient variance and provides consis-
tent coarse-to-fine targets, stabilizing optimization and encouraging hierarchical
structure |6L21}/34]. For any cluster ¢, we define the L2 normalized centroid

1
[l = norm el Za?j esP-t (7)
“ljece

Prototype mining. In our hierarchical task (refer to Fig. [2] (Sec. 3) for the
visualization of the process), not every centroid provides useful information. For
optimizations across memory and to not undermine the initial benefits of self-
distillation learning methods like DINO [7], we decided to mine for the minimum
efficacious amount of positive and negative prototypes for our contrastive objec-
tive. For positives, we use the prototype of each parent along the leaf-to-root path
of the selected node. For negatives, given our MST and computed centroids, we
remove prototypes whose information is already encapsulated by others further
up the hierarchy. As shown for parent cluster Cy in Fig. [2] the information of
Cy’s child sub-clusters is already captured at the parent level. Non-essential child
clusters are therefore ignored. This allows us to select the minimum efficacious
amount of negatives by removing possibly repetitive data points and therefore
optimizing our memory footprint. Here is the mathematical formalization:

For each non-noise point ¢ marked by HDBSCAN, let P(i) = {cio, Ci1,-- -, Cik }
be its ancestor path from fine subcluster to coarse supercluster. The positive
anchors are the centroids along this path,

P = {/’[’Cik PCik € P(l>} (8>

For negatives, we use only extracted prototypes from clusters that directly split
from the anchor at each level. These are the other direct children of the parent
cluster of our anchor. We define these as the sibling set of a node ¢:

Sib(c) = Ch(r(c)) \ {c}, (9)

Where 7(c) denotes the parent of ¢, and Ch(.) as its children. With this, we
collect the siblings encountered along the path as follows:

K—-1 K-1
st = | Sibew) = |J (Chleansn) \ {ea}). (10)
k=0 k=0

The negative anchors are then exactly the centroids of these sibling clusters:
N; = {pc:ce S@H)}. (11)

Stability weighting via \. Traditional prototype-contrastive methods assume
labels and assign uniform weights to positives and negatives [28]. In a label-
free setting, this is ill-posed because a point’s cluster-membership confidence
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increases toward deeper nodes in the MST; we quantify this confidence using
HDBSCAN stability (persistence) A from the condensed tree, evaluated across
density scales. With uniform weights, an instance is pushed equally toward both
reliable and unreliable positives, which distorts the latent space. Likewise, treat-
ing closely related sibling subtypes as strong negatives on par with completely
unrelated cell types breaks the intended hierarchy. Hence, we apply stability
weighting using the A of HDBSCAN to preserve the natural hierarchy while
maximizing separation across parents.

Let A\ix = A;,,. We map stabilities to normalized, clamped weights via a
generic transform ¢.:
max(e, Zij)

9e(2i3) = > max(s, zw) ’

with small € > 0 for numerical stability. Keeping in mind that we invert the
lambdas for the negative samples, we define the positive weights (a;x) and neg-
ative weights (8;.) as follows:

)\ik - )\min _ )\max - >\7lc
ik = ¢E ()\max - Amin) 7526 B ¢E ()\max - Amin) . (13)

T

(12)

With cosine similarity s(u,v) = v' v and margin m > 0, we aggregate positives
and negatives by a stability-weighted mean:

K
Sap Z Qi S au ﬂclk San Z ﬂzc a'u Mc (14>
k=0

ceS(7)
and define the per-anchor hinge loss as:

Li = [m+ san(i) — Sap(i)h-’ LupBscan = [} ZLZ7 (15)
i€l

where 7 indexes anchors with at least one positive and one negative.

In the objective in Eq. maximizing s,p, pulls a; toward a stability-weighted
barycenter of its sub-/supercluster anchors, tightening intra-subcluster spread
while preserving alignment with the enclosing supercluster. Minimizing s, repels
a; from the competing sibling cluster. Together, the hinge margin enforces

s(a;, own path) > s(a;,sibling) +m, (16)

which (i) compresses subclusters, (ii) preserves supercluster structure, and (iii)
widens gaps at ambiguous boundaries. Noise points (unclustered by HDBSCAN)
are excluded from Z and A, Amax are computed per batch.

4 Experiments and Results

4.1 Dataset

Popular cell-biology benchmarks, such as MedMNIST /PathMNIST [60], are not
truly single-cell datasets: their images often contain multiple instances and lack



10 J. Riel and V. M. Singh et al.

per-cell identifiers or masks, preventing direct extraction of instance-level em-
beddings. We therefore convert instance masks into oriented bounding boxes
and crop one cell per image, thereby transforming multi-cell datasets into a
unified suite of single-cell crops. The labeled sources include nuclear and cellu-
lar instance datasets from histology, microscopy, iPSC, PBMC, and cell-painting
settings [19] [55] [39] [38] [56] [43] [27]. Additional labeled sources include [53] [37]
[10] [16] |17] [47] |25]. Unlabeled sources are incorporated from diverse segmenta-
tion and microscopy collections [12] [49] [42] [18] [52]. Further unlabeled sources
include [51] [33] [35] [13], for which the dataset name is used as a pseudo-label
for retrieval. The resulting collection spans both deep hierarchies (depth > 1)
and flat label structures (depth = 1), supporting robust generalization across
heterogeneous cell-biology datasets.

After dedup-free aggregation, we obtain 2,390,832 single-cell crops from 20
instance-segmentation benchmarks, spanning eight imaging modalities with over-
lapping cell types. For a detailed breakdown of the modalities and classes, refer
to the supplementary material. We split 90/10 within each dataset and pool the
10% into a single test set where all datasets are represented.

4.2 Training Methodology and Ablations

Model details. The Model backbone is ViTg/16 [14] with an EMA image
teacher, a segmentation-teacher loss (Sec. whose weight ~ is linearly ramped
from 0 to 0.2 over pre-training, and our additional HDBSCAN-based (Sec.
whose weight is ramped from 0 to 0.1 in the final 20 epochs; all remaining losses
follow the default DINOv3 [48] configuration.
Training details. We follow DINOv3 [48] defaults, training on our training
split (Sec. for 100 epochs and linearly increasing the HDBSCAN compo-
nents contribution to A=1 for 20 (batch 128, multi-crop: 2 global + 8 local) on
2x NVIDIA RTX A6000 (48GB).
Baselines and Ablations. We compare our models with several cell repre-
sentations and SSL approaches. These include other cellular imaging centric
DINO-based models like Cellpaint-DINO [29] and scDINO [44], HCSC |21] for
an alternative hierarchical objective, and models using non-DINO frameworks,
such as OpenPhenom [45] and ChadaViT [4]. Some of these, which have not seen
cellular datasets before, have been trained on our set with the same training pa-
rameters and resources. This is to ensure fairness in comparing the models.
Apart from comparing with other cell representation approaches and our
baseline DINOv3, we also perform ablations on certain components in our ap-
proach. To validate the need for hierarchy, we evaluate DINOv3 fine-tuned with
DBSCAN. Furthermore, to see the effect of stability weighting, we also eval-
uate an unweighted HDBSCAN fine-tuned model. Lastly, we apply weighted
HDBSCAN and Double Teacher separately to measure the contribution of these
components individually. All ablations use the same backbone, crops, and opti-
mization as above.
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4.3 Evaluation Method

We assess embedding quality with a k-NN retrieval protocol on the global em-
bedding space over all datasets. For each test cell, we retrieve its top-K cosine
neighbors (K € 1,3,5,9), exclude the query, and compute the top-K accu-
racy (Acc@K), precision (Prec@K), and mean average precision (mAP), treating
same-type cells as positives and others as negatives. Average Precision (AP) is
computed on the ranked list truncated at the largest K, with queries lacking a
same-type neighbor assigned AP = 0. This evaluation emphasizes neighborhood
coherence and nearest-neighbor exactness, aligning with our goal of improving
subcluster consistency across modalities.

Furthermore, to gauge the quality of the latent space, we also test with
cluster-specific metrics. For this, we use Adjusted and Normalized Mutual Infor-
mation (AMI and NMI) [54] to identify the amount of class information captured
by the latent space.

4.4 Downstream Cell-Type Classification

To further assess the discriminative quality and generalizability of the learned
embeddings, we train and evaluate a multilayer perceptron (MLP) classifier on
embeddings from frozen models. The MLP has two hidden layers, ReLU activa-
tions, a 0.2 dropout rate, and is optimized via a cross-entropy loss.

In addition to our curated dataset, we introduce an unseen evaluation set,
the Human Protein Atlas (HPA) [57] and the Allen Institute of Cell Science
Perturbation Set [1], which was excluded from the training pipeline to assess the
generalization capability of HASSL. All evaluations use the same MLP architec-
ture and hyperparameters to ensure comparability across datasets. We report
classification accuracy, macro Fl-score, as well as weighted F1-score, for both
our dataset and HPA. Since accuracy can be misleading under class imbalance,
macro F1 provides a class-balanced view by averaging per-class Fl-scores uni-
formly, while weighted F1 accounts for class prevalence. Reporting both thus
captures performance on rare classes (macro) and reflects robustness on the em-
pirical distribution (weighted).

4.5 Results

Retrieval and Latent Space. Table [I] reports accuracy@K, precision@K,
mAP, and the clustering metrics (NMI and AMI) for our variants and self-
supervised baselines. Both components, double-teacher distillation and weighted
HDBSCAN, consistently boost retrieval: the segmentation teacher reduces the
modality-driven separation and improves top-range neighborhoods (K=5-9),
while stability-weighted HDBSCAN sharpens hierarchical subclusters and im-
proves small to mid-K retrieval. Ablations with flat DBSCAN or unweighted
HDBSCAN largely remove these gains, showing that treating all hierarchy levels
equally weakens boundaries and multi-resolution structure. Together, the two
components are complementary and yield consistent improvements across all K
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Fig. 3: Latent space visualization from our model on the test set, produced using t-
SNE with dimension=2. In the internal stem cell data (orange), the double teacher
distillation brings superclusters of different modalities but the same cell type closer, and
HDBSCAN still keeps the subclusters compact and discernible. In the global space, the
Fluorescent Cluster is the 2nd closest neighbour to the Brightfield cluster for HASSL,
versus 8th for DINOv3 and 22nd for scDINO.

Method K=1 K=3 K=5 K=9 mAP NMIt AMI 1
Acc Prec Acc Prec Acc Prec Acc Prec
Cellpaint-DINO 44.8 44.8 557 43.8 61.7 43.2 68.9 424 49.7 47.0 46.4
ChadaViT 46.3 46.3 58.1 44.8 7T1.7 454 794 43.8 529 45.2 44.6
OpenPhenom 453 453 571 351 63.9 326 719 305 50.8  40.3 39.5
scDINO 50.4 504 619 49.2 68.0 485 753 47.5 554 43.9 43.3
HCSC 46.1 46.1 61.6 453 64.5 44.7 79.7 40.7 53.9 45.3 44.6
Baseline DINOv3 * 494 494 644 485 721 48.0 80.9 474 56.5 46.8 46.2
DINOv3 + DBSCAN 49.1 49.1 61.6 476 68.1 46.7 756 452 552 47.2 46.6

DINOv3 + Unweighted HDBSCAN 48.4 484 60.6 46.7 67.2 458 74.5 44.7 543 47.0 46.3

HASSL (without Double Teacher) 50.9 50.9 66.6 50.1 743 49.5 828 48.7 58.1 47.6 46.9
HASSL (without HDBSCAN) 50.6 50.6 67.6 49.5 751 48.9 829 480 574 47.2 46.2
HASSL 50.9 50.9 68.0 50.0 75.5 49.4 83.5 486 578 47.9 47.3

Table 1: Top-k retrieval and clustering agreement results (%). We report Acc/Prec
for K € {1,3,5,9}, overall mAP, and clustering agreement metrics (NMI and AMI).
Relative to the DINOv3 baseline, stability-weighted HDBSCAN and Double-Teacher
distillation provide complementary gains in retrieval performance, and their combina-
tion yields the strongest clustering agreement. * retrained on our subset for fairness.

and a latent space that preserves modality superclusters but exhibits crisper
type-level groupings (Fig. [3). To further show the effect of this approach on
deep hierarchies, we divide our datasets into single-level hierarchy (depth=1)
and multi-level hierarchy (depth>1) subsets, and show their retrieval accuracy
in Fig. @ The plots show that HASSL improves considerably over the baseline
(6.3% for k = 9) without compromising its performance on datasets with flat
hierarchies. The combination also yields the highest clustering agreement across
all metrics.
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Method Acc (%) Flmacro (%) Flweightea (%)
HASSL (Ours) 45.6(0.0) 48.8(0.3) 43.6 (0.0)
Baseline DINOv3 [48] 44.9(0.1)  47.6(0.2) 42.8(0.1)
HASSL (w/o DT) 44.8(0.1)  46.5(0.1) 42.9(0.2)
HASSL (w/o HDBSCAN) 44.6 (0.1)  47.8(0.0) 42.6(0.2)
Cellpaint-DINO [29] 43.4(0.3) 49.4(0.2) 41.4(0.3)
ChadaViT [4] 42.6(0.1)  46.1(0.2) 40.6 (0.1)
HCSC [21] 41.9(0.1)  43.1(0.1) 41.9(0.3)
scDINO [44] 37.6(0.0)  37.7(0.9) 34.4(0.1)
OpenPhenom [45] 34.7(0.1)  28.6(0.1) 31.7(0.2)

Table 2: Downstream multi-class classification on our dataset, sorted by Flmacro (high
— low). Values are mean (standard deviation) across 5 folds, reported as percentages.
HASSL remove bold face achieves the best accuracy and Flyeighted, and improves over
Baseline DINOv3 by 40.7 Acc, +1.2 Flyacro, and 40.8 Flyeighted, While remaining
within 0.6 Flpacro of the best Cellpaint-DINO.

Downstream cell classification on our curated dataset. The purpose of
this test is to show the model’s ability to recognize cell morphologies amongst
the modalities and morphologies it has seen. As shown in Table 2] HASSL yields
the strongest separability on frozen features. Macro F1 improves because the
hierarchy-aware loss reduces confusion among small subclasses, while weighted
F1 remains competitive as coarse cluster structure is preserved.

Drug identification from perturbed cell images. The main goal with this
task is to measure the model’s capability of understanding morphological differ-
ences in a deeply hierarchical dataset. For this, we have used immunofluorescent
images from the Perturbation Dataset from the Allen Institute of Cell Science |[1]
containing 7 cell lines (AICS-10/12/16/22/23/24/25) perturbed with 2 drugs -
paclitaxol and brefeldin. We frame the task such that a multi-layer perceptron
takes in the embedding of the cell image and predicts the drug it was perturbed
with (or if the image was a control). Compared to standard cell classification,
this downstream gives us a more biologically relevant benchmark, as modeling
the biochemistry behind drug perturbation is often challenging and very impor-
tant for drug discovery. The results in Table [3] show that HASSL demonstrates

Single-Level Hierarchy Datasets Multi-Level Hierarchy Datasets

0.95 e °
— . 08 —

0.9 T — o] S
0.85

0.8

Top-k Accuracy

1 3 5 9 1 3 5 9
k k
-=-Ours (HASSL) -+ DINOv3 -+ Cellpaint DINO -+ ChadaViT -+ OpenPhenom -+ scDINO

Fig. 4: Top-K retrieval accuracies for subsets containing single-level hierarchy datasets
(left, depth=1) and multi-level hierarchy datasets (right, depth>1). Here, HASSL is
the best-performing model, with a 6.3% improvement on multi-level hierarchy datasets.
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a considerable improvement over the baselines, demonstrating its capabilities in
understanding hierarchy and identifying small morphological differences within
the same cell lines.

Human Protein Atlas (HPA) dataset. Although HPA [57] does not show
a deep hierarchy, it has a vastly different modality with the immunofluorescent
images and cell types that the model has not seen. This gives us a good insight
into the model’s capability to generalize to a different type of data. Table [
shows that the model tuned to HPA-like data, CellPaint-DINO [29], achieves
the best performance. This is expected: it was trained on the massive JUMP-
CP 8] dataset, whose immunofluorescent dyes and organelle-targeted genetic
perturbations closely match the imaging characteristics of HPA. As a result,
CellPaint-DINO has effectively “seen” similar organelle structures during train-
ing, giving it a clear advantage on this task.

However, HASSL yields a performance very close to Cellpaint-DINO while

outperforming every other model, including the baseline DINOv3 [48], despite
never seeing HPA during training. Furthermore, we also see the importance of the
double-teacher approach, where the majority of the gains come from the double
teacher, as HDBSCAN lacks any hierarchy in the dataset to reinforce. This
indicates that encouraging morphology-driven structure improves transferability
across modalities, even when the external label differs.
Compute Overhead. Over 100 epochs, overhead is small: +43.6 min (+2.3%)
wall-clock and +4.44 GB (+10.2%) VRAM vs. DINOv3 (32h01m/43.44 GB —
32h44m /47.88 GB) at identical GPU power and clocks, enabled by frozen teacher
passes, seg — img reusing DINO activations, and checkpoint-bounded seg —
seg.

5 Conclusion and Future Work

We propose a hierarchy-aware self-supervised framework for learning representa-
tions from single-cell microscopy images. Our method adds a drop-in objective
for self-distillation embedding models by constructing hierarchical prototypes
via in-batch HDBSCAN and weighting their reliability using clustering confi-
dence. Based on these prototypes, we perform hierarchy-consistent pair mining;:

Method Acc (%) Flmacro (%) Flweighted (%)
HASSL (ours) 92.2(0.4) 88.9(0.8) 92.0 (0.5)
HASSL (w/o HDBSCAN) 88.8(0.3)  86.7 (0.9) 88.3(0.5)
OpenPhenom [45] 85.7(0.4) 75.8 (0.6) 84.2(0.4)
HASSL (w/o DT) 83.0(0.1)  79.0(0.1) 82.8(0.1)
Baseline DINOv3 48] 81.9(0.2)  77.1(0.3) 81.8 (0.2)
Cellpaint-DINO [29] 84.2(0.4) 71.8(1.3) 81.7 (0.7)
ChadaViT [4] 79.2(0.5)  72.5(0.9) 78.3 (0.6)
HCSC [21] 64.4(1.2)  56.2(2.5) 63.5 (1.3)
scDINO [44] 65.0(1.2) 53.8(2.6) 63.4(1.4)

Table 3: Downstream perturbation identification task. Values represent the mean
with standard deviation in parentheses across 5 folds, reported as percentages. HASSL
improves considerably over the other baselines, beating the next best model, Cellpaint-
DINO, by +7.8 in Flyeighted-
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Method Acc (%) Flmacro (%) Flweightea (%)
Cellpaint-DINO [29] 54.8(0.2) 53.5(0.3) 54.8 (0.3)
HASSL (ours) 54.2(0.3)  52.7(0.4) 54.2 (0.4)
HASSL (w/o HDBSCAN) 53.9(0.3)  52.2(0.5) 53.9(0.4)
Baseline DINOv3 [48] 51.5(0.3)  50.0(0.3) 51.5(0.3)
HASSL (w/o DT) 50.1(0.3)  48.4(0.4) 50.0 (0.4)
HCSC [21] 39.6(0.3)  38.0(0.4) 39.5(0.3)
scDINO [44] 39.5(0.1)  37.4(0.3) 39.3(0.3)
ChadaViT |4] 35.7(0.2)  34.3(0.2) 35.6(0.1)
OpenPhenom [45] 33.4(0.3)  31.5(0.4) 32.9(0.4)

Table 4: Downstream multi-class classification on HPA [57] with frozen embedding
models. Values represent the mean (standard deviation) across 5 folds, reported as per-
centages. The only model outperforming HASSL, Cellpaint-DINO |[29], likely benefits
from exposure to organelle-targeted genetic perturbations and a similar immunofluores-
cent dye in JUMP-CP [8|. Nevertheless, HASSL remains close to the top-performing
model and substantially improves over the other baselines, without having seen the
modality or the data type.

positives favor ancestors and confident siblings, while negatives are scaled by hi-
erarchical distance to avoid over-repelling closely related subtypes. A contrastive
objective aligns samples with prototypes while enforcing cross-parent separation,
and a double-teacher design yields more structured embedding spaces that bet-
ter capture subtle morphological differences. Extensive experiments on cluster-
ing quality and downstream tasks demonstrate the effectiveness of our approach
and motivate hierarchy-aware supervision for large-scale cellular representation
learning and microscopy foundation models. The scope of our work is not limited
to DINO-based architectures only. Segmentation embeddings can define pseudo-
positive and pseudo-negative pairs for any SSL or class-guided objective (e.g.,
BYOL 20|, Triplet Loss [46], SimCLR [9]), while the HDBSCAN term is an
additive batch-level loss, which can be used with any SSL setup. These variants,
including replacing the hinge loss with InfoNCE [40|, can be explored in future
work.
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