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Abstract

Acute myeloid leukemia (AML) is a rare but important disease. Because it has many
different features and behaviors, classifying its cell types with traditional methods
is both difficult and costly. Transformer-based foundation models (FMs) are useful
for analyzing biological data, and they usually use random masking during training.
But normal uniform random masking selects genes without checking how important
they are. To solve this, we propose a self-guided masking method. This method
learns which gene positions are most useful to mask at each training step. We show
that our approach improves FM training and performs better than uniform masking
in cell-type classification for AML.

1 Introduction

Acute Myeloid Leukemia (AML) represents a complex, aggressive, diverse, and extremely rare
group of blood cancers. Its clinical relevance stems not only from its severity but also from its
remarkable heterogeneity [15]. Conventional methods for identifying and classifying cell types
in AML often fall short, as they are time-consuming, costly, and unable to capture the underlying
diversity of patterns fully [4, [1316]. To overcome these limitations, advances in high-throughput
technologies have provided new avenues for dissecting tumor complexity. In particular, Single-cell
RNA sequencing (scRNA-seq) has revolutionized our understanding of cellular heterogeneity by
measuring transcriptomes at the resolution of individual cells [10, [11].

In parallel, transformer-based foundation models (FMs) are emerging, which are large neural net-
works pretrained in an unsupervised manner on massive unlabeled data and fine-tuned for diverse
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downstream tasks. To train FMs, masked language modeling, which masks a small fraction of tokens
and reconstructs them from context to capture bidirectional dependencies, has been used to let the
model learn the dataset. [9]].

Despite the success of masked and autoregressive language modeling in natural language and vision
domains, applying these paradigms to scRNA-seq data remains challenging. scRNA-seq data are
characterized by extreme sparsity, high dimensionality (tens of thousands of genes), and substantial
technical noise [18} [8]], which complicate tasks such as cell-type classification [3]. In the case
of masked language modeling, uniform random masking often selects non-informative genes that
contain limited biological signal. As a result, uniform random masking reduces the learning efficiency
of the model in this domain.

In this work, we propose a novel self-guided masking approach, tailored to the unique challenges
of scRNA-seq data. Our method can mask genes based on their importance in the dataset, enabling
efficient, robust scaling of FMs on scRNA-seq data. Our contributions are as follows:

* We introduce the self-guided masking approach, a dynamic, efficient, attention-guided
masking strategy for sparse and noisy data, and compare it to uniform random masking.

* We show our approach outperforms random masking in training and improves cell type
classification performance.

* We use biological insights to show the self-guided masking’s ability to select important
genes.

2 Related works

Foundation models for single-cell RNA data: Recent work has begun to translate FMs paradigm
into transcriptomics. For example, scBERT [17], an encoder-only FM, adapts the BERT masked-
language framework to gene expression by learning contextualized embeddings of genes and cells
through token-level reconstruction on discretized counts. scGPT [1]], a decoder-only FM, learns
joint embeddings of cells and genes via masked language modeling on multi-omic single-cell
data; xTrimoGene [5] exploits sparse cross-attention to process all 20,000 genes without manual
discretization, completing that, scFoundation [7] scales to 100 M parameters by incorporating read-
depth—aware objectives over 50 M cell profiles. The core idea in both xTrimoGene and scFoundation
is skipping zero and masked tokens in encoder layers, which can significantly reduce the computing
needs without losing performance. To the best of our knowledge, scFoundation is the only encoder-
decoder FM model in this area. All of these models use random masking; thus, it is not possible to
investigate masked tokens and interpret how masking information is utilized throughout the layers.

Self-guided masking in self-supervision: The paper by [16]] introduces Self-guided Masked Autoen-
coders (SMA) across image, text, chemical-graph, and particle-physics modalities, using the model’s
own early attention maps to steer mask selection. However, SMA relies on a complex teacher—student
framework and was evaluated on relatively dense, low-dimensional inputs; it does not address the
severe zero/non-zero imbalance in scRNA-seq, where most masks still fall on uninformative zeros.
The ADIOS approach [12] further couples an adversarially trained masking network with a Siamese
encoder to produce maximally challenging masks, yielding strong gains on vision benchmarks. Yet
its adversarial objective and multi-mask sampling incur substantial complexity and do not target the
sparsity characteristics of single-cell data. To the best of our knowledge, none of these methods is
explicitly designed for the high-dimensional, noise-prone sparsity of sScRNA-seq. In contrast, our
masking approach provides a lightweight, attention-driven mechanism specifically designed to focus
on informative genes in single-cell transcriptomes.

3 Method

In this paper, we introduce a novel masking approach that utilizes the attention mechanism to learn
which tokens (in our case, genes) are more suitable for masking during the pretraining step. Our
method uses learnable parameters for learning and storing the critical features. Then, using attention
and multinomial sampling, it selects the desired tokens for masking based on the stored features in
learnable parameters. Below are the details of our method:



Latent Cross-Attention Module: We consider an input dataset consisting of gene expression profiles
from single cells. Each cell is treated as a separate data instance, represented by a sequence of gene
tokens. For a given cell, the input sequence is a vector of gene expression values ordered by genes.
We introduce Z € RV*P= | a trainable set of N latent vectors, each of embedding dimension D,.
These latent vectors attend to input token sequences. The ultimate goal is to extract a global summary
that guides downstream masking decisions.

Self-guided Masking: To find the critical tokens for masking, we use per-head attention weights.
Then, we aggregate attention weights across the H cross-attention heads by summing. This collapses
the per-head weights into a single attention score for each latent n and token position [. Attention
maps often exhibit heavy overlap. This makes it challenging to construct diverse or informative
masking patterns when using all attention heads or latent vectors simultaneously, resulting in overly
concentrated, redundant masking. To address this problem, we focus only on a subset of latent vectors.
We randomly select R C {1,..., N}. Only the R latents are used to drive masking per cell, reducing
noise from less-informative latents. We then collapse these selected latents’ scores into token-level
importance by summing across selected latents. Then, we use this importance to find which tokens
are better to be masked.

Dataset: Hematopoietic Niche scRNA-seq (Acute Myeloid Leukemia) dataset [2] includes scRNA-
seq profiles of 350K cells collected from approximately 50 human donors. Each cell is measured
across around 16K genes. This dataset captures a diverse range of biological conditions and is partic-
ularly well-suited for evaluating models on complex, heterogeneous transcriptomic data spanning
multiple individuals and cell types. See appendix Fig. [T|for more details and cell types.

Model: Due to the heavy computation cost of pretraining FMs, without loss of generality, we only
used scFoundation [7] as our backbone, which is the most recent and powerful one among other FMs
[7]. Additionally, we ensured that the dataset used in our experiments does not overlap with those in
the pretraining corpus of the scFoundation model [7]].

4 Experiments

To validate the self-guided masking algorithm, we employ a two-stage training protocol: self-
supervised pretraining and supervised finetuning.

Self-supervised Pretraining Setup: In this step, the network learns to reconstruct the masked gene
expression values using the proposed attention-driven masking. We used pretrained weights of our
backbone [7] because training from scratch requires extensive computing resources. We train the
parameters using Adam with two learning-rate groups: LRyew = 10~* for layers introduced by our
method and LRy ackbone = 107° for the rest. For more details, please refer to Appendix Section

Cell Type Classification Setup: A lightweight classification head is added on top of the pretrained
encoder and can be trained on different downstream tasks. We append a two-layer MLP on top of
the pooled encoder output. Also, we freeze all latents, cross-attention weights, and all adapter layers
during finetuning, as they are only responsible for self-supervised training. For more details, please
refer to Appendix Section[C] We evaluate partial fine-tuning and linear probing schemes to assess the
usefulness of the pre-trained encoder. In partial finetune, trainable parameters are: token embeddings,
positional embeddings, the last transformer block of the encoder, and the classification head. On
the other hand, for linear probing, the trainable parameters are only the classification head. It is
worth mentioning that all masking and cross-attention modules were frozen during finetuning. This is
because all those modules are solely added to make the pretraining more robust.

Biological Evaluation: Finally, to show that our approach masks the most important genes, we
tried two biological experiments: First, we analyzed the relation between the average of expression
values and the number of times that each gene is masked. This can help us understand the pattern
of masked genes. Second, we attempted Gene Ontology (GO) enrichment [[14f], which identifies the
biological processes of a set of genes. Using GO enrichment, we can determine if the masked gene is
informative or not.



Table 1: Partial-finetune and Linear-probe cell-type classification, comparing self-guided masking
(Ours) Fl1-score vs random masking. (FT: finetune, LP: linear-probe, P: pretraining, Orig. = original
backbone weights [7]. Bolded numbers are the best. Results are reported as the mean 4 confidence
interval from 5-fold cross-validation on the test set, with each fold held out once.

Experiment Masking Train F1-score
Random Orig.[[7] + FT 80.04 £ 0.001
Partial-finetune Random P+FT 79.33 4+ 0.001
Self-guided (Ours) P+FT 81.33 £+ 0.002
Random Orig.[7] + LP 77.36 £ 0.002
Linear-probe =~ Random P+LP 26.51 £ 0.002

Self-guided (Ours) P+LP 71.54 £ 0.001

5 Results

Self-guided masking outperforms random masking: The results in Table [I| demonstrate that
self-guided masking consistently outperforms uniform random masking across both partial finetune
(P+FT) and (Orig.+FT). In the P+FT setting, random masking (P+FT) reaches only 79.33% (versus
80.04% for Orig.+FT), whereas self-guided masking attains 81.33%, a +2% absolute gain. For
linear-probing (LP), as demonstrated in Table|[T] self-guided masking outperforms uniform masking
across (P+LP). Under P+LP, random masking collapses to 26.51%; However, self-guided masking
recovers to about 71.54%, nearly matching the 77.36% original backbone.

Partial-finetuning (P+FT) vs. linear probing (P+LP): Pretraining with uniform random masking
shifts the model’s weights away from its original optimum, degrading downstream f1-score. For
example, in TableE] (Orig+FT), Fl-score drops from 80.04% to (P+FT) 79.33%. Also, in Tablem
(Orig+LP) from 77.36% to (P+LP) 26.51%. In other words, the original FM with FT/LP (Orig+FT/LP)
has better performance compared to the pretrained model of the new dataset with FT/LP (P+FT/LP).

In contrast, self-guided masking steers the model toward representations that remain compatible
with or even superior to the initial backbone (Orig+FT/LP). As it is shown in Table [T} there is a
gap between (Orig+LP) and self-guided masking (P+LP). The potential reason is that self-guided
masking (P+LP) deviates the model parameters from the optimal (Orig+LP). However, since all
encoder layers are frozen in LP, self-guided masking (P+LP) has limited trainable parameters to
adjust to the downstream task, leading to lower performance. In self-guided masking (P+FT), since
both MAM learnable parameters and model learnable parameters have the capacity to update, the
model does not face this problem, and self-guided masking (P+FT) can consistently outperform all
cases, including (Orig+FT).

Analyzing Learned Masked Tokens: In this part, we examined how often each gene was chosen for
masking. Specifically, for every gene in the training set, we (i) count the total number of masking
events across all iterations and (ii) compute that gene’s mean expression level conditional on being
masked. Genes with higher expression levels often carry more biological information. If these genes
are more frequently masked, it’s a sign that the model may be learning to focus on informative
features. Plotting these two quantities against one another (see Fig. [2]in Appendix section D) reveals
a pronounced positive correlation: genes that register non-zero expression, and especially those with
higher expression magnitudes, are selected for masking far more frequently than genes that sit at
or near zero. This pattern is exactly what we would expect if self-guided masking is successfully
identifying the most information-rich coordinates of the input profile.

Biological meaning of the masked gene: Here, we want to explore why self-guided masking
improves model performance. Fig. 3] (Appendix section[E]) shows the top enriched Gene Ontology
(GO) [14] biological processes among the most frequently masked genes by our approach. The en-
richment shows strong overrepresentation of transcriptional regulation processes, including regulation
of DNA-templated transcription (GO:0006355), regulation of transcription by RNA polymerase 11
(GO:0006357), and both positive (GO:0045893) and negative (GO:0045892, GO:0000122) regula-
tion of transcription. Additional enriched pathways include regulation of apoptosis (GO:0042981)
and cell population proliferation (GO:0042127). These biological processes are highly relevant to
leukemogenesis, as they control cell identity, survival, and uncontrolled proliferation in AML. By



masking such biologically meaningful genes during training, our approach (self-guided masking) is
pushed to reconstruct signals that reflect core aspects of AML.

6 Discussion and Conclusion

We introduced the self-guided masking, an approach that enables effective self-supervised pretraining
on sparse scCRNA-seq AML data by focusing masking on informative genes. We showed that our
approach not only avoids the degradation induced by uniform random masking but also consistently
improves AML cell-type classification under both partial fine-tune and linear-probe protocols.

Limitations and future work: Here, we provide limitations and potential future work. Our results
rely on an existing, well-trained FM. A poorly pretrained backbone or domain-mismatch between
pretraining and the downstream task impacts the total performance. Therefore, pretraining an FM
from scratch using our approach can be beneficial. In addition, while self-guided masking adds
minimal overhead, the large underlying FMs contain millions of parameters. Finetuning such a large
model on full-length gene profiles required multi-day runs, limiting our ability to perform exhaustive
hyperparameter tuning.
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A Data Preparation

We perform standard quality control on the single-cell dataset to ensure that only high-quality cells
and informative genes are retained. Low-complexity cells (those with very few detected genes) and
genes expressed in only a handful of cells are filtered out. Next, we partition the cleaned data into
training, validation, and test sets (train: 80%, validation: 10%, test: 10%) in a way that avoids leaking
information across splits. Rather than splitting at the level of individual cells, we split by donor—so
that all cells from a given individual end up in the same subset. To maintain balance, we stratify the
donors by their predominant combinations of cell type and timepoint, thereby ensuring that each
subset reflects the overall diversity of the study. All details and codes to replicate data loading and
processing are available in the provided code.



B UMAP visualization of Hematopoietic Niche (AML) dataset
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Figure 1: UMAP visualization of Hematopoietic Niche scRNA-seq (Acute Myeloid Leukemia) [2].
Each point represents a single cell colored by (top) cell type.

C Hyper-parameters

For self-supervised pretraining, we used a latent dimension D, = 256 and N = 128 latents. The
model employs 8 cross-attention heads, and gradient clipping was set to 1.0. The learning rate
was configured as 1 x 10~ for newly added layers and 1 x 10~° for the backbone. We applied a
weight decay of 5 x 10~% and set A\a¢¢n, = 1 x 107°. Training used a physical batch size of 1 with 5
accumulation steps, and early stopping was triggered after 5 epochs without improvement.

For supervised finetuning, we maintained the latent dimension D, = 256 and the number of latents
N = 128. The learning rate was set to 1 x 10~*%, and gradient clipping remained at 1.0. We used
batch sizes of 1 and 8 for different stages (partial and linear), along with 5 accumulation steps. The
early-stopping patience was again set to 5 epochs. A weight decay of 5 x 10~* was applied, and we
used 8 cross-attention heads. Additionally, the hidden dimension of the linear head (h;) was set to
256.

D Gene Masking Frequency versus Average Expression
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Figure 2: Scatter plot of each gene’s masking frequency against its mean expression when masked,
illustrating that self-guided masking preferentially targets genes with higher expression levels.



E GO Enrichment of Masked Genes
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Figure 3: Top enriched GO biological processes among the most frequently masked genes by the
self-guided masking approach. The x-axis demonstrates the significance of each biological process
(y-axis) derived from masked genes.
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