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Abstract

Single-cell RNA sequencing (scRNA-seq) measures gene expression in individual cells, offering deep insight

into cellular heterogeneity, development, and disease. Transformer-based foundation models have become

central to single-cell RNA-sequencing analysis, yet most rely on uniform random masking during pretrain-

ing, a strategy misaligned with the sparsity, heterogeneity, and zero inflation characteristic of scRNA-seq

data. To assess how these models behave under realistic biological variation, we first perform a compre-

hensive evaluation of four widely used single-cell foundation models (Geneformer, scBERT, scFoundation,

and scGPT) across three diverse datasets. This benchmarking reveals substantial variability in model per-

formance, including systematic weaknesses on rare cell populations and degraded accuracy in clinically

challenging conditions. Motivated by the broader limitations of random masking in Foundation models, we

introduce Multinomial Attention Masking (MAM), a biologically informed masking strategy that leverages

trainable latent representations and cross-attention to identify informative gene positions during pretraining.

Across all datasets, models pretrained with MAM consistently achieve higher downstream cell-type clas-

sification accuracy than those trained with uniform masking and, in several cases, outperform the original

pretrained backbones. Biological validation further demonstrates that MAM preferentially selects highly

expressed and functionally meaningful genes, indicating that its improvements stem from capturing biologi-

cally relevant structure rather than from increased algorithmic complexity. This work improves the reliability

and utility of single-cell foundation models for researchers and clinicians alike.
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1 Introduction

1.1 Background: Single-cell RNA Sequencing and Its Impact

Single-cell RNA sequencing (scRNA-seq) has significantly advanced our understanding of cellular hetero-

geneity by allowing the measurement of transcriptomes at the level of individual cells [4, 5]. This powerful

technology has led to major discoveries in many areas of cell biology, such as identifying and describing

new cell types and rare subpopulations, uncovering complex gene regulatory networks specific to certain cell

types, and generating detailed profiles of how individual cells respond to drugs or genetic changes [6, 7, 8].

The analysis of scRNA-seq data generally follows a well-defined computational workflow. This includes

key steps such as performing quality control to remove low-quality cells and technical artifacts, applying

normalization methods to correct for sequencing depth and technical variation, selecting highly variable

genes, reducing dimensionality using techniques like principal component analysis and manifold learning,

clustering cells to identify distinct populations, and finally, annotating cell types [9, 10, 11]. These standard

approaches, mostly implemented in tools such as Seurat and Scanpy, form the basis for modern scRNA-seq

data analysis [12, 13, 14, 15, 16, 17, 18, 19, 20].

1.2 Challenges in Analyzing Large-scale scRNA-seq Data

Despite their wide use and proven effectiveness, classical methods face serious challenges when dealing with

the growing size and complexity of modern scRNA-seq datasets [18]. The rapid increase in data generation,

with studies now often analyzing millions of cells from hundreds of experimental batches, creates major

computational difficulties in terms of memory use, processing time, and algorithm scalability [20]. Tradi-

tional methods also struggle to accurately represent the unique features of scRNA-seq data, such as the high

number of zeros caused by technical dropouts, the strong sparsity that hides biological signals, and complex

batch effects resulting from differences in experimental platforms and conditions [17, 18, 19, 20].

Moreover, common dimensionality reduction methods like principal component analysis rely on linear as-

sumptions that cannot capture the nonlinear gene interactions and hierarchical regulatory patterns typical

of biological systems. These limitations also affect the detection of rare cell types, which are biologi-

cally important but small in number, and are often missed or misclassified by classical clustering algo-

rithms [21, 22, 23]. Another persistent issue is batch effect correction, as standard normalization techniques

may either fail to fully remove technical variation or overcorrect, which can remove real biological signals

[24, 25, 26, 27].

1.3 Emergence of Machine Learning in scRNA-seq Analysis

To overcome these limitations, there has been a major shift toward machine learning-based methods. These

approaches use deep neural networks to find complex patterns in high-dimensional transcriptomic data and to

support more automated and scalable analysis workflows [28]. Deep learning models, especially those based

on variational autoencoders, show strong ability in modeling the zero-inflated negative binomial distribution
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that characterizes scRNA-seq count data. This allows a more accurate representation of the gene expression

process [29].

1.4 Transformer and Foundation Model Revolution

Transformer-based architectures and attention mechanisms, which were first developed in natural language

processing, have also been successfully applied to scRNA-seq analysis. They allow models to learn contex-

tual gene representations and to capture long-range relationships between genes [30]. The development of

large-scale foundation models (FMs) that are pre-trained on tens of millions of cells from different tissues,

conditions, and species represents a major advance [30, 31].

These models learn general patterns of cellular states and gene regulation that can be fine-tuned for specific

downstream tasks using only a small amount of labeled data. Self-supervised and contrastive learning meth-

ods have also shown great potential, as they take advantage of the natural structure of unlabeled scRNA-seq

data to learn meaningful representations that group functionally similar cells together [32].

At the same time, transformer-based foundation models have become an important new direction in artificial

intelligence. These models are large neural network architectures that are pre-trained in an unsupervised or

self-supervised way on massive collections of unlabeled data, and then fine-tuned for different downstream

tasks in many fields [33, 34, 35, 36, 37, 38, 39].

Foundation models were first developed for natural language processing. Key examples include BERT (Bidi-

rectional Encoder Representations from Transformers) [34, 40, 41, 42], which introduced masked language

modeling as a pre-training task, and the GPT (Generative Pre-trained Transformer) family [34, 43, 36, 39,

44]. GPT-3, with its 175 billion parameters, showed remarkable few-shot learning ability through autore-

gressive next-token prediction [34, 36, 44, 45, 46, 47].

The transformer framework later expanded into computer vision through the Vision Transformer (ViT)

[48, 49, 50, 51], which redefined image analysis by viewing images as sequences of patches. Masked Au-

toencoders (MAE) [52, 53, 54, 55] further extended this concept by applying the masking idea from natural

language processing to visual learning, reconstructing images from randomly masked patches [52, 56].

1.4.1 Transformer Architecture Overview

The first key component includes the token embedding and positional encoding layers. These layers convert

discrete input elements such as words in text, image patches in vision tasks, or gene expression values in

biological data into continuous high-dimensional vector representations that the network can process [57,

58, 59, 60, 61, 62, 49, 51]. Because the self-attention mechanism treats input as an unordered set, positional

encodings are necessary to provide information about the order of tokens in a sequence [57, 58, 59, 61].

The original transformer uses sinusoidal positional encodings based on sine and cosine functions with dif-

ferent frequencies. These encodings produce unique position-based patterns that allow the model to learn

2



Figure 1: Overview of the Transformer architecture showing the encoder (left) and decoder (right). Adapted from
“Attention Is All You Need” paper [2].

relative relationships between tokens [57, 59, 61]. More recent designs use alternatives such as learned

positional embeddings, relative positional encodings like RoPE (Rotary Position Embedding), and ALiBi

3



(Attention with Linear Biases).

Each of these methods offers specific advantages for modeling long-range dependencies and extending model

performance beyond the training sequence length [58, 60]. Token embeddings are usually initialized ran-

domly or learned during training, although some architectures use pre-trained embeddings such as word2vec

or gene2vec to provide meaningful starting points [41, 62, 63].

The encoder layers make up the second main module of the transformer architecture. They are responsible for

combining and transforming embedded representations into high-level contextual encodings through stacked

blocks that include multi-head self-attention and position-wise feed-forward networks [35, 41, 57, 64, 65,

66, 62].

The self-attention mechanism allows each position in a sequence to attend to all other positions. It computes

attention weights that represent how relevant or important each token is to every other token in the context of

the sequence [35, 41, 67, 64, 68, 62]. This process uses three learned linear projections for each token: Query

(Q), Key (K), and Value (V) vectors. Attention scores are obtained by taking scaled dot products between

the query and key vectors, and then applying a softmax function to produce attention weights. These weights

are then used to compute weighted sums of the value vectors [41, 67, 64, 62].

Multi-head attention extends this idea by performing several attention computations in parallel, each with

different learned linear transformations. This enables the model to attend to different types of information

from multiple representation subspaces at once [40, 41, 64, 62]. This ability to process sequences in parallel

is a major advantage over recurrent neural networks (RNNs), which handle data sequentially. As a result,

transformers can train much faster and scale to very large model sizes [33, 35, 36, 37, 36, 69, 70].

Each encoder block typically follows a consistent structure: a multi-head self-attention layer followed by

layer normalization and a residual connection, then a position-wise feed-forward network (usually a two-

layer MLP with a nonlinear activation) followed by another layer normalization and residual connection

[33, 41, 56, 62]. The number of encoder layers determines the depth and capacity of the model. For example,

BERT-Base uses 12 layers, BERT-Large uses 24 layers, and GPT-3 includes 96 layers [34, 40, 41].

The decoder layers make up the third main module of the transformer architecture. They are used in gener-

ative models and sequence-to-sequence frameworks to reconstruct original inputs, as in autoencoders, or to

predict target outputs in supervised tasks based on the encoded representations [33, 35, 64, 71, 66, 62].

In encoder-decoder architectures such as the original transformer for machine translation, the decoder in-

cludes both masked self-attention and encoder-decoder cross-attention. Masked self-attention ensures that

the model attends only to previously generated tokens, preserving the autoregressive nature of the generation

process. The cross-attention mechanism enables the decoder to attend to the encoder’s output representations

[64, 71, 62]. This cross-attention allows the decoder to focus on relevant parts of the input sequence when

producing each output token. In this process, the queries come from the decoder’s current hidden state, while

the keys and values are derived from the encoder’s outputs [64, 71, 62].

4



Decoder-only architectures, such as the GPT series, remove the cross-attention layer and use only causal

masked self-attention, where each token attends only to itself and earlier tokens in the sequence [33, 56, 44,

47]. In contrast, encoder-only models such as BERT eliminate the decoder and use the encoder’s represen-

tations directly for downstream tasks like classification or token-level prediction, typically through simple

task-specific output layers [41, 56, 72, 42, 73].

1.4.2 Pre-training and Fine-tuning Paradigm in Transformers

The training process for foundation models follows a two-stage approach known as “pre-train then fine-

tune,” which has become the standard method across many domains [33, 36, 56, 74, 72, 75, 76, 77]. In the

pre-training stage, models learn general-purpose representations by training on large amounts of unlabeled

data. They use self-supervised objectives that create learning signals directly from the data structure without

the need for human labeling [33, 34, 56, 74, 42, 73, 78].

For language models, common pre-training objectives include masked language modeling (MLM) and causal

language modeling (CLM). MLM, used by BERT and its variants, randomly masks 15% of input tokens and

trains the model to predict the masked tokens using the surrounding context [34, 41, 42, 73, 79, 80, 81, 82].

CLM, also known as next-token prediction, is used by GPT models and trains the model to predict the next

token in a sequence based on all previous tokens [34, 44, 45, 46, 83, 47, 84]. These self-supervised tasks

allow models to learn complex linguistic features, such as syntax, semantics, and broader world knowledge,

from the training data [41, 56, 42, 78].

In the case of vision transformers, pre-training can be either supervised, using large labeled image datasets

such as ImageNet, or self-supervised, using approaches like masked autoencoding. In masked autoencoding,

random patches of the input image (typically 75%) are hidden, and the model learns to reconstruct the

missing pixel information from the visible patches and the learned latent representations [52, 53, 52, 55, 56,

49, 51]. The asymmetric encoder-decoder structure of MAE, which uses a lightweight decoder that operates

only on mask tokens, makes it possible to train large vision models efficiently by processing only visible

patches with the computationally heavy encoder [52, 54, 56].

After pre-training, models go through a fine-tuning stage, also known as transfer learning, to adapt the

learned representations for specific downstream tasks using smaller labeled datasets [56, 85, 74, 72, 75, 76,

77, 86, 87, 88]. Fine-tuning starts by initializing the task-specific model with the pre-trained weights and

then continuing training with supervised learning objectives designed for the target task [56, 72, 75, 76, 77].

There are several fine-tuning strategies that differ in how model parameters are updated. In full fine-tuning,

all parameters are updated on the downstream task data, which gives the best performance but requires high

computational resources [72, 76, 77, 88]. Layer-wise or selective fine-tuning freezes some layers, usually

the early ones that capture general features, while updating others [76, 77, 88]. In contrast, feature extraction

keeps the entire pre-trained model fixed and trains only a new task-specific head on top of the extracted

representations [75, 77, 88].
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More recent parameter-efficient fine-tuning methods, such as adapters, prompt tuning, and Low-Rank Adap-

tation (LoRA), add small trainable modules or make limited adjustments to the model while keeping most

pre-trained parameters unchanged. This allows models to adapt efficiently with much lower computational

cost [76, 88]. Overall, fine-tuning takes advantage of the general knowledge captured during pre-training

and achieves better performance on downstream tasks compared to training from scratch, especially when

labeled data is scarce [56, 89, 75, 77].

Beyond standard fine-tuning, foundation models show impressive few-shot and zero-shot learning abilities.

These capabilities allow models to perform new tasks with little or no task-specific training data by using

their pre-trained knowledge and in-context learning skills [34, 36, 90, 91, 92, 93, 94].

Zero-shot learning enables a model to complete tasks it was never directly trained for by using natural

language instructions or task descriptions as prompts. The model relies only on its existing knowledge to

generate suitable outputs [90, 93, 94]. For example, a language model can be prompted with “Translate

the following English sentence to French:” followed by an English sentence, and it can produce the correct

French translation even without explicit fine-tuning for translation, as long as it encountered similar examples

during pre-training [94].

Few-shot learning builds on this idea by providing a small number of examples, usually between 1 and 10,

within the prompt. This helps the model quickly adapt to a new task through in-context learning without

changing its parameters [34, 90, 92, 93, 95]. GPT-3 demonstrated remarkable few-shot performance, achiev-

ing results comparable to or better than fine-tuned models on many benchmarks by conditioning on only

a few examples in the prompt [34, 36]. These capabilities suggest that foundation models develop general

problem-solving and meta-learning skills that go beyond task-specific training [34, 36, 91, 92].

1.5 Foundation Models in Biology and Genomics

In the field of biological sequence analysis and single-cell genomics, transformer-based foundation models

have been adapted to learn representations from DNA sequences and gene expression data. These models

draw direct parallels between natural language and cellular biology, where words correspond to genes, sen-

tences to cells, and corpora to large atlases of tissues and conditions [96, 97, 98, 99, 100, 63, 101, 31, 102,

103].

Several important single-cell foundation models have been developed. scGPT [31] uses a generative pre-

trained transformer trained on more than 33 million human cells with masked generative pre-training and

causal masking, achieving state-of-the-art results in cell type annotation, batch correction, perturbation

response prediction, and gene regulatory network inference [63, 31, 102, 104]. scBERT [105] applies a

performer-based transformer architecture with gene2vec embeddings and masked gene expression predic-

tion to learn gene and cell representations [63, 102, 106].

Geneformer [30] treats cells as sentences made up of rank-ordered gene tokens and learns context-aware

gene embeddings using self-attention across millions of cells [101, 102]. CellPLM is trained on large-scale
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single-cell data using masked language modeling objectives [102]. scFoundation [1] focuses on learning

generalizable representations across multiple tissues and experimental conditions [101, 102]. CellFM, a

foundation model with 800 million parameters trained on 100 million human cells, captures cellular diversity

at an unprecedented scale [98, 101].

In addition to single-cell models, genomic foundation models such as the Nucleotide Transformer have been

pre-trained on DNA sequences from multiple species, ranging from 50 million to 2.5 billion parameters.

These models can learn regulatory patterns, predict variant effects, and transfer knowledge across species

without task-specific supervision [107, 108, 109, 110, 111]. DNABERT applies bidirectional transformer

pre-training to genomic sequences, enabling the capture of both local motifs and long-range dependencies

within regulatory DNA [103, 109]. Enformer extends transformer architectures with larger receptive fields

to predict gene expression and chromatin states from DNA sequences by attending to regulatory elements

located up to 100kb away [112, 108].

These biological foundation models follow the same architectural principles used in language and vision

transformers, employing token embeddings (for genes or nucleotides), positional encodings, stacked self-

attention layers, and masked prediction objectives. However, they also include domain-specific adaptations

such as gene expression binning strategies, conditioning embeddings that encode experimental metadata,

and customized decoders for reconstruction tasks [99, 63, 31, 113, 102, 104, 114]. The use of foundation

model approaches in single-cell biology offers great potential for accelerating cell type discovery, mapping

developmental trajectories, predicting responses to perturbations, and advancing precision medicine [96,

115, 100, 63, 101, 31, 102, 114].

1.6 Limitations of Current Foundation Models in scRNA-seq

Although masked and autoregressive language modeling approaches have been highly successful in natu-

ral language processing and computer vision [34, 52, 41], applying these frameworks to scRNA-seq data

presents major challenges. scRNA-seq datasets have several unique characteristics that make analysis diffi-

cult. They are extremely sparse because of technical dropout events, where gene expression is not detected

even though mRNA is actually present [116, 117, 118, 119, 120, 121]. The data are also highly dimensional,

often spanning tens of thousands of genes with complex patterns of co-expression [117, 122, 123, 124], and

they contain considerable technical noise caused by random sampling, batch effects, and platform-specific

biases [125, 117, 126, 127]. Together, these factors make downstream analyses such as cell-type classifica-

tion particularly difficult [128, 129, 130, 131, 132].

The proportion of zero values in scRNA-seq data can reach up to 90% [116, 118, 133]. These zeros may

result from either true biological absence of gene expression or from technical artifacts such as dropout

events during library preparation, reverse transcription, or sequencing [116, 118, 118, 119, 120, 134]. Dis-

tinguishing between biological zeros and technical dropouts remains a long-standing issue, made worse by

inconsistent use of the term “dropout” in the literature, which has been applied to refer to non-biological

zeros, all zeros, or even moderate gene expression in a subset of cells [116, 118, 120].
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Additionally, scRNA-seq data suffer from severe curse-of-dimensionality effects. As noise accumulates

across thousands of gene dimensions, true biological similarities between cells become harder to detect.

This reduces clustering accuracy and weakens the statistical power of differential expression analyses [117,

126, 118, 122, 123].

When masked language modeling is applied to scRNA-seq data, uniform random masking, the standard

approach used in BERT and related models [73, 42, 41], often selects genes that carry little biological in-

formation and do not contribute meaningfully to distinguishing cell types [135, 136, 137, 138, 139]. This

issue arises because information content is distributed very unevenly across genes. A small subset of highly

variable genes (HVGs) captures most of the biologically relevant variation that differentiates cell types and

states [137, 138, 140, 141, 142], while most other genes show little variance, are expressed at low levels in

all cells, or are dominated by technical noise rather than true biological signal [136, 137, 138, 143].

As a result, when a transformer-based foundation model applies a uniform 15% masking rate across all genes,

a strategy borrowed from natural language processing, where words tend to carry more evenly distributed

information [73, 42, 144], most of the masked positions correspond to zero values or non-variable genes

rather than informative HVGs that define cell identity [135, 114, 136]. This mismatch greatly reduces the

effectiveness of training, since most reconstruction targets provide little useful signal for learning meaningful

gene-gene relationships and cell states [135, 114, 143, 145].

Empirical studies have shown that scRNA-seq foundation models trained with standard masked language

modeling objectives often perform no better than models that simply predict the average expression value

for each gene. This indicates that such pre-training contributes little beyond memorizing overall expression

levels [114, 63]. Furthermore, uniform masking prevents the model from focusing on complex co-expression

patterns among marker genes and regulatory networks that define cellular identity [135, 139, 137, 146].

Consequently, applying random masking directly to scRNA-seq data can fail to improve performance and

may even reduce it compared to simpler baseline methods, as the model spends its capacity reconstructing

uninformative zeros and housekeeping genes instead of the critical HVGs [114, 63, 143, 144].

Beyond reduced learning efficiency, the randomness in traditional masking introduces a major limitation

for scientific interpretability and mechanistic understanding of foundation models in biological research

[147, 148, 149, 150, 151, 152]. Because masking is applied randomly and changes across training epochs

through dynamic masking strategies [73, 147, 148], it becomes extremely difficult to study which genes

are masked or to systematically analyze how masking affects different components of a foundation model

[147, 149, 153, 154].

This lack of control makes it impossible to determine which genes or gene programs the model learns to

reconstruct accurately, to trace attention patterns linked to biologically meaningful gene sets, or to perform

targeted ablation studies that test how masking specific functional modules (such as cell cycle, immune re-

sponse, or metabolic pathway genes) influences downstream performance [149, 153, 155, 139, 151, 154].

Such opacity is a serious problem in biological applications, where researchers and clinicians need mecha-

nistic insight into model behavior. They must be able to interpret which genes drive cell type predictions,
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how developmental trajectories are represented, and whether learned relationships correspond to known reg-

ulatory mechanisms [150, 153, 155, 139, 151, 152].

The inability to control or analyze masking strategies also prevents the use of biologically motivated mask-

ing schemes that could enhance both model performance and interpretability [147, 148, 135, 156]. For

instance, focusing masking on highly variable genes, antibody complementarity-determining regions, or

non-templated sequences has been shown to improve computational efficiency and biological relevance

[147, 148, 135, 157, 156]. Other domains have explored more advanced masking methods, including adap-

tive masking rates, gene-importance-weighted sampling, multi-scale sub-vector completion, and spatially

structured masking. These strategies show promise for improving scRNA-seq foundation models but remain

largely unexplored because most current methods still rely on uniform random masking inherited from NLP

[147, 148, 158, 157, 156, 143].

1.7 Research Gap and Motivation

Single-cell foundation models have advanced rapidly through large-scale pretraining and transformer-based

architectures, yet the pretraining pipelines used in nearly all existing models continue to rely on uniform ran-

dom masking. This approach assumes that all genes contribute equally to the reconstruction task, despite the

extreme sparsity, zero inflation, and heterogeneous expression patterns characteristic of scRNA-seq datasets.

Such a mismatch between the masking strategy and the structure of the data often leads models to recon-

struct uninformative or non-expressed genes, limiting the quality of learned representations and contributing

to instability when models are transferred across biological contexts [150, 152, 154, 99].

In evaluating several widely adopted single-cell foundation models, we observe these limitations manifest

across diverse datasets and biological settings. Models tend to perform well on abundant or transcriptionally

distinct cell types but exhibit marked degradation on rare populations or clinically challenging states. While

these observations arise from empirical benchmarking, they ultimately reflect a broader issue: the masking

objectives used during pretraining do not guide models toward biologically meaningful variation.

Recent advances such as Self-guided Masked Autoencoders (SMA) [159] demonstrate the promise of attention-

driven masking in other domains. However, these methods rely on computationally intensive teacher–student

architectures and are designed for dense, low-dimensional inputs, making them poorly suited for high-

dimensional, sparse, 20k-token scRNA-seq data. Moreover, existing approaches provide limited insight into

how masking information flows through different parts of transformer models, an important consideration

for encoder–decoder architectures commonly used in single-cell genomics.

These limitations indicate the need for a masking strategy that is biologically informed, computationally

efficient for full-length gene-expression inputs, and compatible with existing single-cell foundation model

designs without requiring additional large auxiliary networks.
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1.8 Proposed Approach

This work is organized around two complementary objectives aimed at advancing the development and as-

sessment of single-cell foundation models. The first objective is to establish a systematic and controlled

evaluation framework for existing single-cell FMs. To this end, we benchmark four widely used models in-

cluding Geneformer[160], scBERT[105], scFoundation[1], and scGPT[31], across three biologically diverse

datasets and under standardized fine-tuning regimes. This evaluation examines generalization across tissues,

clinical states, and rare cell populations, providing a comprehensive characterization of how current FMs

behave under realistic single-cell settings.

The second objective is to explore how improvements to pretraining strategies may enhance foundation

model performance. For this purpose, we introduce Multinomial Attention Masking (MAM), a masking

framework specifically designed for the sparsity and heterogeneity of scRNA-seq data. In contrast to uniform

random masking, MAM employs a set of trainable latent vectors that attend over gene embeddings to infer

gene importance. These attention scores are converted into a multinomial distribution from which masked

positions are sampled, creating a dynamic, biologically informed masking pattern. The resulting latent

summary is integrated into the backbone through four context-injections (encoder-only, decoder-only, shared

adapter, or separate adapters), allowing masking information to be incorporated flexibly across transformer

architectures.

Together, these two components provide a broad perspective on the current capabilities of single-cell foun-

dation models and potential avenues for improving their pretraining dynamics.

Contribution: This work makes the following contributions:

• Benchmarking Framework: We present a unified and controlled evaluation of four major single-

cell foundation models across three datasets, providing a detailed analysis of their performance across

tissues, disease states, and rare cell types.

• Analysis of Generalization Behavior: Our study shows that model performance is uneven: the mod-

els work well on common cell types but struggle on rare populations and on difficult clinical states.

• Multinomial Attention Masking: We introduce MAM, a dynamic and biologically informed mask-

ing strategy that uses latent cross-attention and multinomial sampling to prioritize informative gene

positions during pretraining.

• Performance Improvements Across Datasets: Through extensive experiments, we show that MAM

consistently enhances cell-type annotation performance and reduces representational degradation com-

pared with uniform random masking, improving both partial finetuning and linear probing outcomes.

• Biological Validation of Masking Behavior: We demonstrate that MAM preferentially masks highly

expressed and functionally meaningful genes, with enriched pathways aligning with known immune

and lineage-specific processes, indicating that MAM captures biologically relevant structure rather

than relying on arbitrary masking patterns.
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2 Literature Review

2.1 Classical scRNA-seq Analysis Methods

Single-cell RNA sequencing data analysis follows a well-established computational pipeline that has been

refined through years of research. The standard workflow begins with quality control procedures to remove

low-quality cells and filter out genes with very low expression [161, 9, 11]. Quality control metrics typically

include the total number of detected genes per cell, library size, and the percentage of reads mapping to mito-

chondrial genes, which indicates cell damage or death [162, 11]. Tools such as Scater provide comprehensive

frameworks for performing rigorous quality control across different scRNA-seq protocols [161].

After quality control, normalization is essential to correct for technical variation caused by differences in

sequencing depth, capture efficiency, and amplification bias [163, 164]. Simple methods such as library size

normalization scale counts by the total counts per cell, while more advanced techniques like scran’s decon-

volution approach compute cell-specific size factors that are robust to differences in cell type composition

[165, 163].

The sctransform method, based on regularized negative binomial regression, effectively models technical

noise and has shown strong performance in preserving biological variation while removing artifacts [166].

Comprehensive comparisons of normalization methods demonstrate that the chosen method significantly

affects downstream results, with top-performing approaches showing higher consistency with external vali-

dation data [163].

Feature selection is a crucial step that determines which genes are used for dimensionality reduction and

clustering. The aim is to identify highly variable genes (HVGs) that capture biological differences while

excluding genes dominated by technical noise [167, 168]. Classical approaches model the relationship be-

tween mean expression and variance, selecting genes with significantly higher variance than expected from

noise models [167, 9].

Modern implementations in Seurat use variance-stabilizing transformations or local polynomial regressions

to identify genes with standardized variance above a threshold [14, 13]. Other methods, such as M3Drop,

model dropout rates, while ROGUE selects genes based on expression entropy [169, 170]. Benchmarking

studies show that performance varies depending on the dataset and task, but highly expressed genes often

provide enough resolution to distinguish cell types [171, 172].

Dimensionality reduction addresses the curse of dimensionality by projecting high-dimensional expression

data into a lower-dimensional space while preserving key structures [173, 174]. Principal component analysis

(PCA) remains the standard linear method, capturing directions of maximum variance [11].

For visualization, nonlinear methods such as t-distributed stochastic neighbor embedding (t-SNE) and uni-

form manifold approximation and projection (UMAP) are widely used [175, 176]. t-SNE is effective at

revealing local structure and fine-grained clusters, while UMAP better preserves global relationships and
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scales efficiently to large datasets [177, 174]. Comparative studies find that UMAP provides higher stability

across parameter settings, while t-SNE achieves slightly better separation of known cell populations [174].

More recent deep learning methods, such as scvis, use autoencoders to learn nonlinear low-dimensional

representations that can capture both linear and nonlinear relationships [178].

Cell clustering groups transcriptionally similar cells to identify distinct types and states. Graph-based cluster-

ing has become the dominant approach, where k-nearest neighbor (KNN) graphs are built from cell similar-

ity measures and then partitioned into communities [11, 179]. The Louvain algorithm optimizes modularity

to maximize within-community density, while the Leiden algorithm improves upon it by ensuring better-

connected clusters and avoiding disconnected communities [180, 181]. Both methods include a resolution

parameter that controls cluster granularity, with higher values producing more detailed subclusters [181].

Alternative techniques include hierarchical clustering, as in SC3, which combines multiple clustering solu-

tions for consensus results [182], and density-based methods such as DBSCAN [179]. Comparative eval-

uations show that graph-based methods, especially Leiden and its variants, yield reliable and interpretable

results across diverse datasets [183].

Cell type annotation assigns biological labels to clusters. Traditionally, this has been done by manually

examining marker gene expression [184, 185], but manual annotation is time-consuming and subjective.

Automated methods have therefore gained popularity. Reference-based tools such as SingleR transfer labels

from annotated reference datasets by correlating query profiles with known cell types [186].

Marker-based methods like CellAssign use probabilistic models that incorporate curated marker gene sets

[187]. Supervised machine learning approaches train classifiers on labeled reference data, including models

based on support vector machines (scPred), random forests (singleCellNet), and neural networks (ACTINN)

[188, 189, 190]. The growing availability of large-scale cell atlases has further enabled transfer learning

approaches that leverage representations learned from millions of cells [191].

2.2 Deep Learning Methods for scRNA-seq Analysis

The use of deep learning in scRNA-seq analysis has transformed the field by enabling more advanced mod-

eling of the complex structure present in single-cell data [192, 193]. These approaches take advantage of

neural networks’ ability to learn hierarchical representations and capture nonlinear relationships that tradi-

tional methods often cannot model effectively. Autoencoders have become one of the most fundamental

architectures for unsupervised representation learning in scRNA-seq analysis [194, 195].

These networks learn compact latent representations by reconstructing input gene expression profiles through

an encoder-decoder structure. Early work such as AutoImpute showed that autoencoders can accurately

impute dropout events by learning the underlying distribution of gene expression without relying on explicit

statistical models [194].

Studies investigating optimal autoencoder designs for scRNA-seq found that deeper and narrower archi-

tectures using sigmoid or tanh activations perform better than shallower networks using ReLU activations,
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which contrasts with common practices in computer vision [196]. Regularization techniques such as weight

decay and dropout were also shown to be crucial for improving imputation accuracy and enhancing down-

stream analyses including clustering and differential expression [196].

Variational autoencoders (VAEs) extend the standard autoencoder by introducing probabilistic latent vari-

ables and explicit generative modeling [197, 29]. The scVI framework applies VAEs to model scRNA-seq

counts using a zero-inflated negative binomial likelihood, allowing the model to capture both biological vari-

ation and technical dropout [29]. The probabilistic nature of scVI supports uncertainty quantification and

enables multiple downstream applications such as dimensionality reduction, batch correction, and differen-

tial expression testing [29, 198].

Further developments include biVI, which integrates biophysical modeling; LDVAE, which provides in-

terpretable linear decoders; and totalVI, which extends the model to multi-modal data [199, 200, 201].

However, recent studies have questioned whether explicit zero-inflation modeling significantly improves

performance compared to simpler negative binomial models for modern high-quality datasets [202].

Graph neural networks (GNNs) have also shown strong performance in scRNA-seq analysis by directly

modeling cell-cell relationships and gene regulatory networks [203, 204]. The scGNN framework represents

cell relationships as graphs and aggregates information from neighboring cells using graph convolutions,

enabling joint imputation, clustering, and network inference [203].

It uses a left-truncated mixture Gaussian model to describe heterogeneous gene expression and iteratively

refines both the graph structure and learned embeddings [203]. Other GNN-based models include GNNLink,

which infers gene regulatory networks using attention-weighted message passing, and scGraph, which per-

forms cell type annotation by integrating gene-gene interaction networks [205, 206].

Contrastive learning and self-supervised methods have recently gained importance as effective strategies for

learning robust cell representations without large labeled datasets [207, 208]. The CLEAR framework uses

contrastive learning by generating augmented views of each cell through random noise and training the model

to produce similar embeddings for these views while separating different cells [207]. This design enforces

the principle that functionally similar cells should lie close together in the embedding space. Later methods

combine instance-level and cluster-level contrastive objectives; for example, ScCCL employs momentum

encoders and dual-level contrastive loss to enhance clustering accuracy [208].

More advanced frameworks such as scAMAC incorporate multi-scale attention mechanisms that combine

features from encoder, hidden, and decoder layers to capture cellular characteristics at different resolutions

[209]. Comparative studies indicate that contrastive learning methods can outperform traditional VAE-based

approaches, especially for cell type annotation tasks across diverse datasets [210].

2.3 scRNA-seq Foundation Models and Transformers

The success of transformer architectures in natural language processing and computer vision has inspired

their adaptation to single-cell transcriptomics [30, 31]. These foundation models use self-supervised pre-
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training on large single-cell datasets to learn general representations of cellular states that can be transferred

to many downstream tasks. The transformer architecture, first introduced in “Attention Is All You Need,”

consists of three main components: token embeddings with positional encodings, stacked encoder layers

with multi-head self-attention, and optional decoder layers for generative modeling [211].

In the context of scRNA-seq, genes act as tokens similar to words in language models, cells correspond

to sentences, and large single-cell atlases serve as training corpora [30, 31]. The self-attention mechanism

allows each gene to attend to all other genes within a cell, capturing complex co-expression patterns and

gene-gene dependencies without assuming independence [211, 212].

scGPT is one of the first large-scale foundation models developed for single-cell analysis [31]. It was pre-

trained on more than 33 million human cells using masked generative pre-training that combines random

and causal masking strategies. The model applies gene expression binning to convert continuous expression

values into discrete categories and integrates gene, cell, and condition embeddings [31]. scGPT incorporates

Flash Attention mechanisms to improve computational efficiency and learns a CLS token to summarize the

cellular state [31]. When evaluated across multiple downstream tasks such as cell-type annotation, batch

correction, perturbation prediction, and gene regulatory network inference, scGPT achieved state-of-the-art

results, especially for modeling responses to perturbations [31].

scBERT adapts the bidirectional encoder representations from transformers (BERT) framework to scRNA-

seq data by including gene2vec embeddings that encode gene identity and expression embeddings repre-

senting binned expression levels [105]. Its architecture uses Performer layers to efficiently process long

gene sequences and is pre-trained using masked language modeling on the Panglao reference database [105].

However, later analyses questioned the effectiveness of the learned representations. Surprisingly, pre-training

performance remained high even after removing gene identity information, suggesting that the model mainly

captures simple expression statistics rather than complex gene-gene interactions [213].

Geneformer takes a different approach by representing cells as sequences of rank-ordered gene tokens instead

of using fixed gene orderings [30]. This approach allows the model to learn context-aware gene embeddings

that reflect positional importance within each cell’s expression profile [30]. Pre-trained on tens of millions

of human cells from diverse tissues, Geneformer performed strongly in gene network inference and in silico

perturbation prediction [30]. The rank-ordering strategy also improves computational efficiency by focusing

attention on highly expressed genes and naturally down-weighting lowly expressed or dropout genes. Several

other foundation models have explored alternative architectures and training strategies.

CellPLM adapts protein language model architectures with masked language modeling objectives [214].

scFoundation trains on large single-cell datasets to learn generalizable representations across tissues and

conditions [1]. CellFM scales to 800 million parameters trained on 100 million human cells, making it

one of the largest single-cell foundation models so far [215]. The Universal Cell Embedding (UCE) model

extends single-cell foundation modeling to cross-species contexts, achieving zero-shot generalization to new

organisms and enabling the identification of rare cell types through its learned embeddings [216].
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Despite these advances, recent evaluations have revealed important limitations in scRNA-seq foundation

models [213, 102]. Systematic benchmarking has shown that such models often do not consistently out-

perform simpler baseline approaches, particularly for cell-type annotation [213, 102]. Notably, removing

pre-training from scBERT caused no major decline in fine-tuning performance, suggesting that pre-training

may not capture the expected rich biological representations [213].

Studies on batch correction found that foundation models perform worse than specialized methods such as

Harmony when dealing with strong batch effects [217]. Furthermore, even simple logistic regression models

trained on highly variable genes remain competitive and sometimes outperform foundation models in few-

shot learning settings [213]. These findings highlight the need for more rigorous benchmarks and a deeper

understanding of what biological representations foundation models truly learn.

2.4 Pre-training and Fine-tuning Paradigms

Foundation models generally follow a two-stage “pre-train then fine-tune” training framework that has be-

come standard across multiple domains [212, 218]. This approach allows models to first learn general-

purpose representations from large unlabeled datasets and then adapt these representations to specific down-

stream tasks with limited labeled data. During the pre-training stage, models use self-supervised objectives

that create learning signals directly from the structure of the data, removing the need for human annotation

[212, 218].

In language modeling, two main pre-training strategies are used: masked language modeling (MLM) and

causal language modeling (CLM). MLM, introduced with BERT, randomly masks about 15% of the input

tokens and trains the model to predict the masked tokens using information from surrounding unmasked

tokens [212]. Typically, 80% of the selected tokens are replaced with a [MASK] token, 10% with random

tokens, and 10% are left unchanged [212]. This setup helps the model learn strong contextual representations

while preventing it from simply associating [MASK] with prediction targets [212].

CLM, also known as next-token prediction or autoregressive modeling, trains the model to predict the next

token in a sequence based on all previous tokens [219, 218]. GPT and related models use this objective to

generate coherent text by learning the conditional probability of each token given its context [219, 218].

For vision transformers, pre-training can be done either through supervised learning on large labeled datasets

such as ImageNet or using self-supervised methods like masked autoencoding [220, 52]. Masked Autoen-

coders (MAE) randomly hide a large proportion (typically 75%) of image patches and train the model to re-

construct the missing pixel values [52]. The asymmetric encoder-decoder design allows only visible patches

to pass through the full encoder, reducing computational cost, while a lightweight decoder reconstructs the

full image from the encoded visible patches and learnable mask tokens [52]. This design efficiently trains

large vision models while encouraging the encoder to learn meaningful, generalizable representations [52].

Fine-tuning adapts the pre-trained model to a particular downstream task using smaller labeled datasets

[212, 221]. The model’s weights are initialized from the pre-trained parameters and then updated using
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supervised objectives specific to the task [212, 221]. Several fine-tuning strategies are commonly used. Full

fine-tuning updates all parameters but is computationally demanding [212]. Layer-wise fine-tuning freezes

early layers and updates only later ones [221], while feature extraction keeps the entire pre-trained model

fixed and trains only new output layers [221].

More recently, parameter-efficient fine-tuning methods such as adapters, prompt tuning, and Low-Rank

Adaptation (LoRA) have been developed. These methods introduce small trainable modules or parameter

updates while keeping most pre-trained weights frozen, reducing both computational and memory require-

ments [222, 223, 224].

The effectiveness of pre-training is rooted in transfer learning, where patterns learned from large and diverse

datasets can be transferred to related tasks, particularly when labeled data are limited [225, 226].

Empirical evidence consistently shows that fine-tuning pre-trained models leads to better performance than

training from scratch, especially in data-scarce settings [212, 218]. However, recent studies highlight that the

benefits of pre-training are not universal. With sufficiently strong data augmentation, pre-training may offer

diminishing returns or even reduce performance [227]. These results suggest that the success of pre-training

depends strongly on the alignment between pre-training data, augmentation methods, and the nature of the

downstream task.

2.5 Few-Shot and Zero-Shot Learning

Beyond standard fine-tuning, foundation models show impressive few-shot and zero-shot learning abilities

that allow them to perform new tasks with little or no task-specific training [218, 228]. These capabilities

indicate that large-scale pre-training equips models with general problem-solving skills that go beyond mem-

orizing training data. Zero-shot learning enables models to handle tasks they were not explicitly trained for

by using natural language instructions or task descriptions as prompts [228]. The model relies entirely on its

pre-trained knowledge and the structure of the prompt to generate the correct output [228].

For example, GPT-3 can translate text by simply being prompted with “Translate the following English

sentence to French:” followed by the input sentence, achieving reasonable translation results without any

fine-tuning on translation datasets [218]. Similarly, vision-language models such as CLIP perform zero-shot

image classification by learning shared embeddings for images and text, allowing them to classify images

based on textual descriptions of classes [228]. The key principle is that when trained on large and diverse

datasets, models can generalize to new task formats by recognizing familiar patterns and structures from

their pre-training data.

Few-shot learning builds on the zero-shot concept by providing a small number of demonstration examples

(usually between 1 and 10) within the prompt to guide model behavior [218]. This process, known as

in-context learning, does not require updating the model’s parameters but instead conditions the model’s

predictions on the examples provided [218].
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GPT-3 showed that performance improves significantly with more in-context examples, often matching or

surpassing fine-tuned models on a range of benchmarks despite using only a few demonstrations [218]. This

few-shot capability suggests that large models develop a form of meta-learning during pre-training, learning

not only task-specific representations but also the ability to learn from new examples and adapt to unfamiliar

tasks [218].

The mechanisms behind few-shot and zero-shot learning remain an active area of investigation. Research

suggests that these abilities arise from a combination of pattern recognition, compositional reasoning, and

implicit task understanding driven by the structure of the prompt [229]. The quality of demonstration ex-

amples has a strong influence on performance, with semantically relevant examples producing better results

than random ones [230]. Likewise, the clarity and structure of the prompt itself play a crucial role, as well-

designed instructions often lead to much stronger model performance [231].

2.6 Attention-Based Masking and Adaptive Strategies

The design of masking strategies for self-supervised pre-training has become a key factor influencing the

quality of learned representations [212, 52]. Although random uniform masking remains the most widely

used approach, recent studies have introduced more advanced adaptive and attention-guided methods. In

random masking strategies, tokens are selected for masking with equal probability, assuming that all tokens

contribute equally to learning [212].

In BERT, for example, 15% of tokens are randomly masked to generate diverse training signals across differ-

ent masked configurations [212]. Vision transformers extend this idea by masking a large proportion (75%)

of image patches, taking advantage of the high redundancy present in natural images [52]. However, uni-

form masking may not be ideal when information is unevenly distributed across tokens, such as in biological

sequences where only a small subset of informative genes carry most of the discriminative information.

Attention-based masking strategies make use of model attention patterns to identify which tokens are most

important for masking [232]. The main idea is that tokens receiving high attention from others likely contain

more meaningful information, making them better reconstruction targets [232].

The Self-Guided Masked Autoencoder (SMA) applies this principle by using attention maps from a teacher

model to guide the masking process in a student model, allowing it to identify informative regions in a

domain-independent way [159]. While effective, this approach introduces significant computational over-

head due to the teacher-student framework and has mostly been tested on dense, low-dimensional datasets.

Curriculum masking gradually increases the difficulty of the masking process during training, starting with

easier tokens and progressively including harder ones [233]. The Curriculum Masking-based Gene Masking

Strategy (CM-GEMS) applies this idea to genomic transformer models by using Pointwise Mutual Informa-

tion (PMI) to measure token difficulty and implementing a time-dependent masking schedule [233]. This

approach has shown that models trained with curriculum masking can achieve 90% of state-of-the-art per-

formance while using 10× fewer training steps compared to standard random masking [233].
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Other masking methods focus on specific sequence regions (such as antibody complementarity-determining

regions), apply multi-scale sub-vector masking, or use gene-importance-weighted sampling to target biolog-

ically relevant features [234, 235].

Masked attention mechanisms extend traditional attention by explicitly controlling which tokens can interact

during attention computation [211]. Causal masking ensures autoregressive left-to-right processing by pre-

venting tokens from attending to future positions [211]. Spatial masking limits attention to specific regions

or objects, which is commonly used in vision tasks like object detection and segmentation [236].

Structured masking introduces fixed interaction patterns such as sliding windows or hierarchical attention to

improve efficiency and embed assumptions about the problem structure [237]. Together, these mechanisms

show that carefully designed attention constraints can enhance both computational efficiency and model

performance by incorporating domain-specific knowledge into the architecture.

2.7 Challenges in scRNA-seq Data

Single-cell RNA sequencing (scRNA-seq) data introduces unique computational challenges that set it apart

from other domains where transformers have been successful [11, 238]. These challenges have important

implications for the design and evaluation of foundation models in single-cell analysis. Dropout events and

zero-inflation are defining characteristics of scRNA-seq data, where zero values often account for 90% or

more of the entire expression matrix [239, 120]. These zeros can arise from both true biological absence of

expression and technical failures in RNA capture, reverse transcription, or sequencing [239].

Distinguishing between biological zeros and technical dropouts remains a difficult and debated issue, and

terminology across studies is often inconsistent [239]. Earlier research suggested that explicitly modeling

zero-inflation using zero-inflated negative binomial distributions could improve analysis [240], but newer

evidence indicates that modern, high-quality protocols may not show significant zero-inflation beyond what

standard negative binomial models already capture [202]. Regardless of the cause, the extreme sparsity of

scRNA-seq data complicates the detection of biological patterns and intensifies the curse of dimensionality,

making it difficult to separate meaningful biological variation from noise [120].

The uneven distribution of information across genes adds another major challenge for uniform random mask-

ing approaches [167, 9]. Highly variable genes (HVGs) capture most of the biologically meaningful variation

that defines cell types and states, whereas most genes show little variation or are mainly influenced by tech-

nical noise [167, 9].

Recent benchmarking studies have found that selecting highly expressed or highly variable genes improves

clustering resolution compared to methods that treat all genes equally [171]. Because of this uneven informa-

tion distribution, the typical uniform 15% masking rate used in language model pre-training—where words

carry more evenly distributed information—often masks uninformative genes in scRNA-seq data [213]. As a
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result, most reconstruction targets offer weak learning signals, and models may achieve high pre-training ac-

curacy by simply predicting average expression levels rather than learning complex gene-gene relationships

[213].

Batch effects are another major source of technical variation, caused by differences in experimental proto-

cols, library preparation, sequencing platforms, cell isolation procedures, and processing times [241, 242].

These variations can be as large as or even larger than true biological differences, leading cells of the same

type from different batches to appear more distinct than cells of different types from the same batch [241].

Traditional batch correction methods include linear approaches such as Combat, mutual nearest neighbor

(MNN) algorithms, and integration techniques based on canonical correlation analysis (Seurat) or adver-

sarial learning (scVI, LIGER) [243, 244, 14]. A large-scale comparison of batch correction tools found

that Harmony consistently performs best across multiple metrics, effectively removing batch effects while

preserving biological structure [217].

However, some methods such as MNN, SCVI, and LIGER have been reported to introduce artifacts or distort

data structure during correction [217]. Foundation models face similar challenges, as evaluations show that

pre-trained models often perform poorly in the presence of strong batch effects compared to specialized

integration methods [241].

The curse of dimensionality is particularly severe in scRNA-seq data due to the combination of extremely

high dimensionality (typically 20,000–30,000 genes), high noise, and relatively small sample sizes compared

to the number of model parameters [173]. As dimensionality increases, standard distance metrics lose their

discriminative power, and the likelihood of spurious correlations grows [173].

Feature selection can reduce dimensionality but cannot fully solve the problem, as even after selecting

2,000–5,000 HVGs, the data remain highly complex [11]. Deep learning methods must therefore balance

sufficient model capacity to capture biological complexity with the need to avoid overfitting to noise [192].

Dimensionality reduction techniques such as PCA or learned embeddings help alleviate these challenges but

introduce their own trade-offs between preserving global and local structure [173, 174].
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3 Method

In the first objective of our study, we evaluate four off-the-shelf single-cell RNA-seq foundation models

(Geneformer [30], scBERT [105], scFoundation [1], and scGPT [31]) on three different datasets. The goal

of this step is to see how well these pretrained models work on data they have not seen before, and to

understand whether any performance issues come from biases in their original pretraining.

For each model, we add a linear classification head and finetune it using the default settings and hyperparam-

eters provided by the authors, so that our comparison is fair and consistent. After completing the evaluation

on all three datasets, we then focus more deeply on the Acute Myeloid Leukemia (AML) dataset. We choose

AML because it represents a rare and clinically important disease where many foundation models are ex-

pected to struggle. By focusing on AML, we can examine how each model behaves in a real low-prevalence

and high-complexity setting.

In the next objective of our research, we introduce a novel masking approach, which uses the Multinomial

Attention Masking (MAM) algorithm, and it can be easily added to off-the-shelf FMs. We use learnable

parameters for learning the important features. We additionally propose novel approaches such as adding

a multinomial attention masking unit and a cross-attention context injection strategy, to make our approach

appropriate for sparse data in scRNA-seq.

3.1 Dataset

The single-cell RNA datasets contain a large, sparse matrix including information about gene activities across

different cells. The gene activity values can be from 0 to large floating-point numbers, indicating how the

gene is expressed. The higher the value is, the more expression is witnessed of that gene. In this study, we

used three publicly available scRNA-seq datasets. Hematopoietic Niche scRNA-seq [3] and PBMC68K 1,

and Adult Heart dataset [245]. For every dataset, we split the data into training, validation, and test partitions

and apply standard preprocessing steps (e.g., normalization, gene filtering, or ranking transformations).

3.1.1 Description of Individual Datasets

Hematopoietic Niche scRNA-seq dataset (or Acute Myeloid Leukemia(AML)): The dataset is intro-

duced by [3]. The dataset contains approximately 350,000 single cells collected from around 50 human

donors, with each cell measured across 16,000 genes. Because the data come from multiple sources and

include different donors, tissues, and disease conditions, the final dataset covers a wide range of biologi-

cal variation that is useful for evaluating model robustness. The dataset provides two key types of labels:

cell types and clinical timepoints. The clinical timepoints represent four biological states (Healthy, AML

Diagnosis, AML Post-treatment, and AML Relapse) which together capture how the hematopoietic system

changes as AML develops and progresses.

1https://support.10xgenomics.com/single-cell-gene-expression/datasets/
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Figure 2: UMAP visualization of Hematopoietic Niche scRNA-seq (Acute Myeloid Leukemia) [3]. Each point repre-
sents a single cell colored by (top) cell type and (bottom) clinical timepoint.

The dataset also contains a diverse set of hematopoietic and immune cell types, including common popula-

tions such as B cells and Monocytes, as well as rare and clinically important populations like CLP, Pre.B,

and HSC/MPP. These cell types vary widely in abundance, which makes the dataset especially useful for

studying how models behave on both well-represented and underrepresented populations [3].

Figure 2 shows a UMAP visualization of the dataset, where each point represents a single cell. The top

panel is colored by cell type, and the bottom panel is colored by clinical timepoint. This figure highlights

the strong heterogeneity of the dataset across both biological and disease-related axes. It also visually illus-

trates the separation (and in some cases overlap) between different AML states and healthy samples. These

characteristics make the dataset an effective benchmark for examining performance gaps, bias, and failure

modes across both cell types and disease stages.
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Figure 3: UMAP visualization of the PBMC68K dataset, where each point represents a single cell colored by its cell
type.

PBMC68K dataset: The PBMC68K dataset [246], released by 10x Genomics 2, contains about 68,000

peripheral blood mononuclear cells (PBMCs) collected from healthy human donors. Each cell is measured

across roughly 17,000 genes using a droplet-based scRNA-seq platform. The dataset includes major immune

cell types such as B cells, NK cells, Monocytes, and Dendritic cells, along with basic gene-level metadata.

Because the dataset is clean, well-annotated, and comes from healthy individuals, it is often used as a stan-

dard benchmark for testing clustering, representation learning, and reconstruction methods in single-cell

analysis. It provides a good reference point for understanding how models behave on a typical immune

system before moving on to more complex or disease-specific datasets.

Adult Heart dataset: This dataset [245] integrates single-cell and single-nucleus RNA sequencing data

from both fetal and adult human hearts. The fetal component consists of samples from seven hearts collected

between 6 and 10 weeks post-conception, with most tissues dissected into base and apex regions prior to

sequencing. All fetal samples were processed using the 10x Genomics scRNA-seq platform. To provide a

comprehensive representation of cardiac cell populations, these data were combined with adult heart samples

from multiple anatomical regions of six healthy individuals. The adult profiles were generated using a

combination of 10x scRNA-seq and 10x snRNA-seq technologies.

Figure 4 shows a UMAP visualization of the dataset, where each point represents a single cell or nucleus

colored by its annotated cell type. Distinct clusters such as cardiac muscle cells, endothelial cells, fibroblasts,

smooth muscle cells, pericytes, and fetal cardiomyocytes can be clearly seen. The mixture of fetal and adult

populations, along with the variety of cardiac lineages, highlights the biological richness of this dataset

and makes it a useful benchmark for studying model performance on both developmental and adult human

tissues.
2https://support.10xgenomics.com/single-cell-gene-expression/datasets/
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Figure 4: UMAP visualization of the heart dataset, where each point represents a single cell colored by its cell type.

3.1.2 Data Preprocessing

We designed the train, validation, and test splits for each dataset so that the evaluation reflects true general-

ization and avoids any form of information leakage between related samples. Before splitting, all datasets

were processed with standard scRNA-seq quality-control steps, including removing cells with fewer than

200 detected genes and genes expressed in fewer than three cells.

For the Hematopoietic Niche dataset, which includes multiple donors and measurements taken at different

timepoints, we performed splitting at the donor level. To maintain the biological diversity present in the data,

we created a combined label that captures both the cell type and timepoint of each sample. We then identified

a representative label for each donor and used it to guide stratified sampling. Donors were assigned to the

training, validation, or test groups in a way that preserves the distribution of cell types and timepoints across

the three sets.

For the PBMC68K dataset, donor information is not available, so we carried out stratified sampling directly

at the level of individual cells. Cell type was used as the stratification label, allowing us to create a balanced

split of eighty percent for training, ten percent for validation, and ten percent for testing while keeping all

immune cell populations well represented.

For the Heart dataset, splitting was again performed at the donor level to avoid mixing samples from the

same individual across different sets. We used each cell’s assigned cell type to create stratification labels

and selected a representative label for each donor. Using these labels, donors were distributed into training,

validation, and test sets using stratified sampling, ensuring that each donor appears in only one set and that

the biological composition remains consistent across the three groups.

After assigning all cells to their respective partitions, we saved the raw .h5ad files. This step was carried

out using a multi-threaded processing pipeline with forty workers to handle the large datasets efficiently. To

support all downstream evaluations, we created five completely independent versions of the train, validation,

and test splits, each generated using a different random seed. These five splits were used throughout the

experiments to provide reliable averages and confidence intervals.
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3.2 Foundation Models

In this work, we evaluate four state-of-the-art foundation models designed for single-cell transcriptomics.

scGPT, scFoundation, Geneformer, and scBERT. Although these models share the broad goal of learning

generalizable representations from large-scale single-cell data, each introduces unique architectural ideas

and pretraining strategies.

scGPT [31] is a generative transformer model pretrained on more than 33 million human single cells collected

from the CELLxGENE database3. Inspired by large language models, scGPT treats genes as tokens and

leverages masked generative pretraining with specially designed attention masks. This enables the model to

simultaneously learn gene and cell embeddings that generalize across tissues, modalities, and experimental

batches. scGPT achieves strong performance on downstream tasks such as cell-type classification, multi-

batch integration, perturbation prediction, and gene regulatory network inference.

scFoundation [1] is a multimodal foundation model built on a large corpus of single-cell multi-omics pro-

files. It extends the transformer framework to incorporate gene expression, chromatin accessibility, and

protein features, enabling rich cross-modality representations. By integrating multiple biological signals,

scFoundation provides a strong backbone for downstream analyses such as multi-omic integration and regu-

latory feature interpretation, offering improved robustness in sparse or noisy settings.

Geneformer [30] is an attention-based transformer pretrained on 29.9 million human single-cell transcrip-

tomes (Genecorpus-30M). It uses a rank-based, self-supervised masked modeling objective to learn context-

aware gene and cell embeddings, focusing on capturing gene–gene interactions and network topology.

Geneformer is particularly distinguished by its ability to infer regulatory relationships and perform context-

specific tasks in settings with limited data, such as dosage sensitivity prediction, GRN inference, and patient-

specific disease modeling.

scBERT [105] adapts the BERT architecture to single-cell data through a masked gene modeling objective on

millions of scRNA-seq profiles. By representing genes as tokens and training the model to recover masked

expression patterns, scBERT learns biologically meaningful embeddings that support tasks such as cell-

type classification, dataset integration, and perturbation prediction. Its encoder-based design allows efficient

fine-tuning with small labeled datasets and provides stable representations even in highly imbalanced or

heterogeneous data.

Together, these four foundation models represent the current leading efforts to build general-purpose pre-

trained backbones for large-scale single-cell analysis. Table 1 provides a structured comparison of these four

foundation models, summarizing their pretraining data, core architecture, and primary applications.

3https://cellxgene.cziscience.com/
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Table 1: Summary of foundation models evaluated in this study.

Model Pretraining Data
Size

Architecture Key Capabilities

scGPT[31] ∼33M human cells transformer with
masked attention

Cell-type annotation, batch
correction, multi-omic inte-
gration, perturbation predic-
tion, GRN inference

scFoundation[1] Large multi-omics
atlas (RNA, ATAC,
proteins)

Encoder-decoder
transformer back-
bone

Cross-modality integration,
representation learning, scal-
able embeddings for sparse
data

Geneformer[160] 29.9M human
scRNA-seq
(Genecorpus-30M)

Rank-based trans-
former with self-
supervised masking

Context-aware network mod-
eling, dosage sensitivity pre-
diction, disease modeling

scBERT[105] Millions of scRNA-
seq profiles

BERT-style bidirec-
tional encoder with
masked gene model-
ing

Cell-type prediction, dataset
integration, perturbation pre-
diction, robust embeddings

3.3 Foundation Models Evaluation

In this section, we investigate how large single-cell foundation models behave when transferred to new

datasets that were not seen during pretraining. Our methodology is structured into two main objectives. In

this section, we evaluate four off-the-shelf foundation models; scGPT [31], scFoundation[1], Geneformer[30],

and scBERT[105] across three diverse scRNA-seq datasets. This allows us to assess the generalization ca-

pacity of pretrained models when applied to unseen data and to examine how well their default fine-tuning

pipelines adapt to different biological contexts.

3.3.1 Fine-Tuning Pipeline

All four foundation models are fine-tuned following their respective authors’ recommended hyperparameters

and training configurations. We treat fine-tuning as a transfer-learning adaptation step in which each model

receives as input the raw gene expression matrix and optional metadata (depending on model design).

During fine-tuning, the transformer-based models update only a subset of layers or embedding blocks, de-

pending on the model’s guidelines. For example, Geneformer is typically fine-tuned using a lightweight

classification head with frozen encoder blocks, whereas scGPT fine-tunes more of the transformer stack

for downstream supervised tasks. scBERT and scFoundation incorporate additional architectural constraints

(such as masked modeling heads or contrastive objectives) that are preserved during adaptation.

Across all models, the downstream task is formulated as a supervised multi-class classification problem for
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cell-type prediction. The output is a probability distribution over annotated cell types, and model perfor-

mance is evaluated using F1-score.

Evaluation Metric (F1-score): For all classification experiments, we report the F1-score as the primary

evaluation metric. F1-score provides a balanced measure of precision and recall, making it particularly suit-

able for scRNA-seq datasets where class distributions are often highly imbalanced and rare cell populations

may be overshadowed by abundant ones.

For each class c, precision and recall are defined as:

Precisionc =
TPc

TPc +FPc
, Recallc =

TPc

TPc +FNc
, (1)

The F1–score for class c is the harmonic mean of precision and recall:

F1c =
2 ·Precisionc ·Recallc
Precisionc +Recallc

. (2)

Objective: During finetuning, we use a multiclass crossentropy objective suitable for cell type classification.

Given the predicted class probabilities ŷb,c for cell b and class c, and the onehot ground truth label yb,c, the

loss is:

L =− 1
B

B

∑
b=1

C

∑
c=1

yb,c log ŷb,c (3)

The first term is the standard crossentropy used for multiclass classification, encouraging the model to assign

high probability to the correct cell type.

3.3.2 Dataset-Specific Evaluation

Although the same fine-tuning pipeline is applied to all datasets, our depth of analysis varies:

• PBMC68K and Heart Dataset: These datasets are used primarily for benchmarking. For each model,

we report standard classification metrics and compare performance across models to assess general-

ization and robustness. No additional biological interpretation or error analysis is performed on these

datasets.

• AML (Hematopoietic Niche) Dataset: While AML is treated identically during the fine-tuning stage,

we perform an extended analysis on this dataset due to its biological complexity, rich cell-type diver-

sity, and relevance to disease-state modeling. After fine-tuning, we examine the per-class behavior

of each model, investigate representation quality, and study feature importance patterns. This deeper

analysis allows us to understand why some models generalize better than others in disease settings.
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3.3.3 Summary

Overall, this methodological framework enables a controlled, fair comparison of large pretrained single-

cell foundation models across multiple datasets. Consistent fine-tuning procedures ensure that observed

performance differences arise from the models themselves rather than from discrepancies in training strategy.

The AML dataset subsequently serves as a case study to probe the internal behavior of each model in greater

detail, while the other datasets provide broad benchmarking across diverse biological conditions.
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3.4 Multinomial Attention Masking (MAM) Algorithm

In the second objective of this study, we move beyond evaluating existing foundation models and intro-

duce our own approach to improve how these models learn from sparse and high dimensional scRNA seq

data. One important observation is that biological relevance is not determined simply by whether a gene is

zero or highly expressed. Genes with zero expression can still be informative in specific cellular contexts,

while genes that are highly and consistently expressed across all cells often provide limited insight into

cell identity or state. Motivated by this, we replace conventional random masking with a more biologically

grounded strategy. We propose the Multinomial Attention Masking algorithm, which leverages learned at-

tention patterns to identify gene positions that are informative in context during self supervised training. We

also introduce a cross attention based context injection mechanism that feeds global latent information back

into the backbone model, helping it better understand which parts of the input matter for reconstruction. This

section focuses on improving the pretraining process itself, making it more adaptive, interpretable, and better

aligned with the structure of single cell data, while remaining compatible with a wide range of foundation

model architectures.

3.4.1 Backbone Foundation Model

Our goal was to show that our approach is compatible with encoder, decoder, and encoder-decoder FMs. Due

to the heavy computation cost of pretraining FMs, without loss of generality, we used scFoundation [1] as our

backbone. To the best of our knowledge, scFoundation is the only open-source FM that uses both an encoder

and a decoder. We note that among other FMs, scBERT [105] and Geneformer [30] are encoder-only models,

scGPT [31] is a encoder-only model that does not provide the pretraining code. Therefore, computationally

pretraining scBERT and scGPT and testing different scenarios of finetuning and linear probing on different

datasets was infeasible with our resources. Additionally, we ensured that the datasets used in our experiments

do not overlap with those in the pretraining corpus of the scFoundation model [1].

3.4.2 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 gene ID.

We introduce Z ∈ RN×Dz , a trainable set of N latent vectors, each of embedding dimension Dz. These latent

vectors attend over input token sequences X ∈ B×L, where B is the batch size (number of cells) and L is

the sequence length (number of genes). Then, we project X to Xpro j ∈ B×L×Dz using a simple, trainable

linear projection layer to make the dimensions aligned with latents. The ultimate goal is to extract a global

summary that guides downstream masking decisions as depicted in Fig. 5. Formally, let:

Z =
[
z1, z2, . . . , zN

]⊤ ∈ RN×Dz , zn ∈ RDz (4)

We apply multi-head cross-attention with H heads, using Z as the set of queries and Xpro j as keys and values.
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Figure 5: Proposed attention-driven masking and context-injection workflow. Learned latent vectors attend to token
embeddings via cross-attention (Q, K, V) to produce attention weights A and pooled context O. A multinomial sampling
of A yields the mask positions. The masked sequence is passed through encoder and decoder layers, with O injected
according to four strategies: (A) encoder-only, (B) decoder-only, (C) both with a shared adapter, or (D) both with
separate adapters.

To match the shape requirements of standard multi-head attention implementations, we reshape:

Q = Z ∈ RN×B×Dz , K =V = Xpro j ∈ RL×B×Dz . (5)

The cross-attention then produces:

(
O, A

)
= CrossAttn(Q,K,V ), (6)

where O ∈ RN×B×Dz (attended latent outputs) and A ∈ RB×H×N×L (attention weights per head).

3.4.3 Multinomial Attention Masking (MAM)

To find the important tokens for masking, we use per-head attention weights. Given the raw attention weights,

A, we generate a masking pattern via a sequence of steps. First, we aggregate across the H cross-attention

heads by summing:

Sb,n,t =
H

∑
h=1

Ab,h,n,l, where S ∈ RB×N×L. (7)

This collapses the per-head weights into a single attention score for each latent n and token position l.

Second, to focus on a subset of latent vectors, we randomly select R ⊂ {1, . . . ,N}. Only the R latents are
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used to drive masking, reducing noise from less-informative latents. As noted in SMA[159], attention maps

often exhibit heavy overlap. Many queries focus on highly similar or correlated token groups. This makes it

difficult to construct diverse or informative masking patterns when using all attention heads or latent vectors

simultaneously, resulting in overly concentrated, redundant masking. We then collapse these selected latents’

scores into token-level importance by summing across selected latents.

sb,l = ∑
n∈R

Sb,n,l, s ∈ RB×L (8)

Here, matrix s quantifies each token’s overall attention across the chosen latents. To convert these scores into

a valid sampling distribution, we add a small constant ε > 0 (division-by-zero avoidance) and normalize:

pb,l =
sb,l + ε

∑
L
l′=1

(
sb,l′ + ε

) , where
L

∑
t=1

pb,l = 1. (9)

Finally, for each cell b, we sample (multinomial sampling) k =
⌊
ρ × L

⌋
distinct token indices from the

probability distribution pb,1, . . . , pb,L. We then mask these k positions, leaving all remaining tokens visible

to both the encoder and the decoder.

3.4.4 Cross-Attention Context Injection Strategies

To enable the latent vectors to learn which token features are most informative and exploring masking in-

formation throughout the modules, we inject the cross-attention outputs from Eq. 6 back into the backbone

network. First, we pool O over the N latents:

ob =
1
N

N

∑
n=1

On,b,: ∈ RDz , b = 1, . . . ,B, (10)

The context vector ob is then injected into the encoder and/or decoder streams to guide reconstruction. We

explore three injection schemes, each preceded by a single-layer linear adapter that adapts the scale and

distribution of the context, and project ob back to the token embedding dimension De:

adapter(ob) = Wadapt ob + badapt,

Wadapt ∈ RDe×Dz ; badapt ∈ RDe .
(11)

Here, Wadapt and badapt are learnable parameters. There are four different ways (Fig. 5) to use the adapter(ob)

output:

Encoder-only: In this case, we let the encoder see the cross-attention and help the latents to be trained

properly. Our intuition is that the encoder helps the latents to learn the deep contexts of the data so they can

understand which parts of the input are more important.
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Decoder-only: We add the attention output to the decoder. In this case, decoder helps latents to understand

the reconstruction process, and which parts of the data are more challenging to reconstruct.

Encoder and Decoder: We broadcast the same adapter-transformed context into both the encoder and

decoder. This “merged” approach gives latents a holistic view—first to identify important inputs, then to

assist reconstruction—while keeping the number of extra parameters minimal by using a single adapter.

Encoder and Decoder with Separate Learnable Adapters: We use two independent single-layer adapters

for encoder injection and one for decoder injection, so that each can learn a specialized transformation of

the latent summary. The encoder adapter can emphasize features that aid in representation learning, while

the decoder adapter can highlight aspects that improve reconstruction, without forcing a one-size-fits-all

mapping.

3.4.5 Self-supervised Pretraining

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 because training from scratch requires exten-

sive computing resources. We experimented: 1) masking all suggested tokens, and 2) via the “80/10/10”

scheme (80% mask token, 10% random gene, 10% unchanged) on all experiments, to see which one is more

effective in our case.

We trained the backbone separately on each of our three datasets. For all datasets, we apply a masking ratio

of 30% during pretraining, same as our backbone model default setup. This ratio is used consistently across

all methods, ensuring a fair comparison. Our attention-driven masking dynamically selects which positions

to mask at each step, allowing the model to focus on informative input regions while maintaining sufficient

context for learning. The random masking baseline uses the same 30% ratio and follows the standard strategy

previously used with the backbone model.

Moreover, we explore four distinct context-injection strategies (As explained in section 3.4.4 and Figure 5).

In scheme (A), the pooled cross-attention vector is added only to the encoder. Scheme (B) injects the same

context solely into the decoder. Scheme (C) uses a single shared adapter to broadcast the transformed context

into both the encoder and decoder. Finally, scheme (D) employs two separate single-layer adapters—one

dedicated to the encoder and one to the decoder—allowing each to learn its own transformation of the latent

summary. We conduct experiments to evaluate the effectiveness of each of these four variants.

Objective: Our self-supervised loss combines a mean-squared reconstruction term over the masked positions

with an L2 penalty on the cross-attention outputs O:

L =
1

|M | ∑
(b,t)∈M

(x̂b,t − xb,t)
2 + λattn∥O∥2

2,

λattn = 10−5.

(12)
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The reconstruction term forces the decoder to recover masked gene expression values, while the L2 regu-

larization on the cross-attention outputs O prevents these activations from growing without bound (avoiding

unstable or inflated latent representations), encourages smoother, less peaky attention distributions (promot-

ing robust context aggregation across genes), and dampens dataset-specific idiosyncrasies (reducing overfit-

ting). Together, these effects keep the model’s internal representations well-behaved and improve its ability

to generalize to new cells or perturbations.

Hyperparameters: We train the parameters using Adam with two learning-rate groups: LRnew = 10−4 for

layers introduced by our method and LRbackbone = 10−5 for the rest. Gradients are clipped to norm 1.0, accu-

mulated over five steps (effective batch = 5), and subject to weight decay 5×10−4. Early stopping is applied

after five epochs without validation loss improvement (following the default pretraining hyperparameters in

the backbone’s original paper [1]).

3.4.6 Supervised Finetuning Setup

A lightweight classification head is added on top of the pretrained encoder and trained on downstream tasks.

We focus on cell type classification, an important bioinformatics task supported by all evaluated datasets.

For each dataset, we finetune the model to predict annotated cell types by appending a two-layer MLP on

top of the pooled encoder output. During finetuning and inference, the decoder is completely removed, and

only the encoder together with the classification head is used.

X

M
LP Classification 

Result

Frozen

Frozen

Frozen

X

Figure 6: Supervised finetuning setup for downstream classification. During finetuning, latent tokens, cross-attention
layers, and all adapters remain frozen. The MLP outputs a probability distribution over cell types for evaluation using
the F1-score.

We freeze all latent tokens, cross-attention weights, and all adapter layers during finetuning, as these compo-

nents are introduced solely for self-supervised pretraining. While the decoder is removed, any cross-attention
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outputs that were originally injected into the encoder during pretraining are still passed to the encoder in fine-

tuning if they were part of the encoder pathway. In contrast, cross-attention outputs that were exclusively

used by the decoder naturally become inactive once the decoder is removed.

We evaluate both partial finetuning and linear probing schemes (on top of the classification head) to assess

the usefulness of the pretrained encoder representations. Full finetuning is omitted due to the extensive

computational resources required by the model. In partial finetuning, the trainable parameters include the

token embeddings, positional embeddings, the last transformer block of the encoder, and the classification

head, while all earlier encoder layers remain frozen.

For linear probing, only the classification head is trainable. All encoder layers, token embeddings, and

positional embeddings are frozen. In both finetuning schemes, all masking mechanisms and cross-attention

modules are frozen. These components are designed to enhance robustness during pretraining, and allowing

them to update during finetuning would effectively introduce additional trainable parameters beyond the

classification head, which is not our goal. The model outputs a probability distribution over annotated cell

types, and performance is evaluated using the F1-score.

Evaluation Metric (F1-score): For all classification experiments, we report the F1-score as our primary

evaluation metric. The F1-score balances precision and recall, making it especially appropriate for scRNA-

seq tasks where class distributions are highly imbalanced and rare cell types can easily be overwhelmed by

more abundant populations.

For each class c, precision and recall are defined as:

Precisionc =
TPc

TPc +FPc
, Recallc =

TPc

TPc +FNc
, (13)

The F1–score for class c is the harmonic mean of precision and recall:

F1c =
2 ·Precisionc ·Recallc
Precisionc +Recallc

. (14)

Objective: During finetuning, we use a multiclass crossentropy objective suitable for cell type classification.

Given the predicted class probabilities ŷb,c for cell b and class c, and the onehot ground truth label yb,c, the

loss is:

L =− 1
B

B

∑
b=1

C

∑
c=1

yb,c log ŷb,c + λattn∥O∥2
2, λattn = 10−5. (15)

The first term is the standard crossentropy used for multiclass classification, encouraging the model to assign

high probability to the correct cell type. The second term applies an L2 penalty on the crossattention outputs

O, preventing excessively large activations and promoting stable, smooth attention patterns during finetuning.
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3.4.7 Biological Evaluation

Finally, to show that our approach (MAM) masks the most important genes, we tried two biological exper-

iments: 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 [247], which identifies the biological processes of a set of genes. Using

GO enrichment, we can determine if the masked gene is informative or not.

3.4.8 Summary

Our method introduces Multinomial Attention Masking (MAM), a biologically informed masking strategy

that replaces purely random masking during fine-tuning. We use scFoundation as the main backbone due

to its open encoder–decoder architecture, but the method is compatible with encoder-only (scBERT, Gene-

former) and decoder-only (scGPT) models. A set of trainable latent vectors performs cross-attention over

gene expression tokens, producing attention maps that highlight informative genes. These scores are aggre-

gated and transformed into a multinomial distribution, which we sample from to choose the mask positions.

This makes the masking step adaptive, guided directly by the model’s own learned understanding of gene

importance.

To further support the learning process, we inject a summary of the latent attention outputs back into the

backbone model. This context vector is added to the encoder, decoder, or both, helping the model emphasize

meaningful features during both representation learning and reconstruction. Different injection variants

allow us to control how much global information flows through the network. Together, attention-driven

masking and context injection create a more interpretable and effective fine-tuning framework that adapts

well across different datasets and foundation model architectures.
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4 Experiments

4.1 Foundation Model Evaluation

4.1.1 Training Hyper-parameters

In this section, we summarize the hyper-parameter configurations used to fine-tune the four foundation mod-

els evaluated in our study. Although each model differs substantially in architecture and pretraining strategy,

we aligned their fine-tuning setups as closely as possible to enable a fair comparison. Table 2 reports the

final hyper-parameters adopted for scBERT[105], Geneformer[160], scGPT[31], and scFoundation[1].

Table 2: Training hyper-parameters used for fine-tuning each foundation model.

Hyper-parameter scBERT Geneformer scGPT scFoundation

Epochs 10 10 10 10
Batch size 8 16 8 4
Learning rate 1×10−4 1×10−4 1×10−4 1×10−4

Gradient accumulation 60 — — 5
Early stopping patience 5 5 5 5

All models were fine-tuned for ten epochs, which we found to provide stable convergence across datasets

without signs of overfitting. The learning rate was fixed at 1× 10−4 for every model, following common

practice in transformer-based architectures and ensuring a consistent optimization regime across experi-

ments. Batch sizes differed slightly due to memory constraints intrinsic to each model: Geneformer, which

operates on compact rank-based gene encodings, could support a larger batch size (16), whereas scFounda-

tion required a smaller batch size (4) to accommodate its larger per-cell representation. scBERT and scGPT

were trained with a batch size of 8.

Two models rely on gradient accumulation to simulate larger effective batch sizes. scBERT required sub-

stantial accumulation (60 steps) because of its high memory footprint, whereas scFoundation used a smaller

accumulation factor of 5. Geneformer and scGPT do not use gradient accumulation during fine-tuning. To

prevent overfitting and ensure consistent convergence behavior across datasets, all models were trained with

an early-stopping patience of five validation checks. This setting offered a stable trade-off between training

efficiency and robustness.

4.1.2 Computing Resources

Table 7 provides an overview of the computing setup and the approximate runtimes for the foundation model

experiments. All runs were carried out on a standardized hardware configuration of four NVIDIA A40

GPUs to maintain consistency across datasets and architectures. For each dataset–model pair, the table lists

the estimated end-to-end time required for fine-tuning and evaluation. The final row summarizes the total

runtime across all experiments, offering a clear sense of the overall computational effort involved.
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Table 3: Compute resources and end-to-end runtime for all foundation model evaluations. Each experiment used 4 ×
NVIDIA A40 GPUs (48 GB each). Runtime estimates reflect fine-tuning and evaluation only.

Dataset Model Approx. Runtime

Hematopoietic Niche

scBERT ∼ 1 week
Geneformer ∼ 1 week
scGPT ∼ 1 week
scFoundation ∼ 1 week

PBMC 68K

scBERT ∼ 1 week
Geneformer ∼ 1 week
scGPT ∼ 1 week
scFoundation ∼ 1 week

Heart

scBERT ∼ 1 week
Geneformer ∼ 1 week
scGPT ∼ 1 week
scFoundation ∼ 1 week

Total — ∼ 12 weeks

4.1.3 Overall Model Performance Across Datasets

Understanding how foundation models generalize across diverse biological contexts is essential for evalu-

ating their robustness and practical applicability. To this end, we systematically compared the performance

of four state-of-the-art models (Geneformer[160], scBERT[105], scFoundation[1], and scGPT[31]) across

three benchmark single-cell datasets that vary widely in tissue origin, cellular complexity, and annotation

difficulty.

This section provides an integrated view of these comparisons, highlighting where models perform consis-

tently well, where they diverge, and how dataset-specific characteristics shape their strengths and limitations.

As summarized in Table 4 and illustrated by the performance visualizations in Figures 7–9, the four founda-

tion models exhibit distinct generalization patterns across the Hematopoietic Niche, PBMC 68K, and Heart

datasets.

Hematopoietic Niche dataset: Across the Hematopoietic Niche dataset, all four foundation models achieved

moderate to strong performance, but with clear separation between the highest- and lowest-performing ap-

proaches. Geneformer attained the strongest overall results with an F1-score of 82.3%, followed closely by

scFoundation (80.8%) and scGPT (80.5%). In contrast, scBERT lagged substantially, reaching only 74.2%.

These differences suggest that models leveraging more extensive pretraining on single-cell dataset, such as

Geneformer and scFoundation, generalize more effectively to the complex cell-state landscape characteristic

of hematopoietic tissue. The relatively lower performance of scBERT reflects challenges in capturing lineage

hierarchies and subtle transcriptional gradients present in this dataset.

PBMC 68K dataset: A different pattern emerged in the PBMC 68K dataset, where all models performed

slightly higher overall but still exhibited marked variation. Here, scGPT achieved the highest F1-score of

84.2%, with Geneformer close behind at 82.9%. scBERT and scFoundation followed with F1 scores of
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Figure 7: Performance of four foundation models (Geneformer, scBERT, scFoundation, scGPT) on Hematopoietic
Niche dataset.

79.3% and 77.6%, respectively. The relative compression of performance gaps in this dataset suggests that

distinguishing major immune populations is a more accessible task for all models, though scGPT in particular

appears to leverage pretraining dynamics that confer an advantage when resolving fine-grained immune cell

identities.
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Figure 8: Performance of four foundation models (Geneformer, scBERT, scFoundation, scGPT) on PBMC 68K dataset.

Heart dataset: In the Heart dataset, the models displayed their highest separation in overall performance.

scBERT and scFoundation were the strongest performers, reaching F1-score values of 91.7% and 91.6%,

respectively. Geneformer performed more modestly at 79.2%, while scGPT exhibited an unexpectedly large

drop, with an F1-score of only 83%.
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Figure 9: Performance of four foundation models (Geneformer, scBERT, scFoundation, scGPT) on Heart dataset.

The strong results for scBERT and scFoundation indicate that these architectures are particularly well-suited

for datasets dominated by highly specialized cell types with structured transcriptional programs. Conversely,

the degradation observed for scGPT suggests challenges in modeling tissue-specific signatures when they

diverge substantially from patterns represented in its pretraining data. Together, these results underscore

that model generalization is strongly dataset-dependent, with each biological context amplifying distinct

strengths and limitations of current single-cell foundation models.

Table 4: F1-score performance of four foundation models across three datasets. Results are reported as the mean ±
confidence interval from 5-fold cross-validation on the test set, with each fold held out once.

Model Hematopoietic Niche PBMC 68K Heart

Geneformer 82.3±0.002 82.9±0.012 79.2±0.022
scBERT 74.2±0.001 79.3±0.004 91.7±0.004
scFoundation 80.8±0.002 77.6±0.004 91.6±0.004
scGPT 80.5±0.003 84.2±0.014 83.0±0.006

4.1.4 In-Depth Analysis on the Hematopoietic Niche Dataset

A closer look at model performance within the Hematopoietic Niche dataset uncovers patterns that are not

apparent from overall metrics alone. Unlike the PBMC 68K and Heart datasets, which do not include clinical

timepoint information and therefore cannot support disease-state analysis, the Hematopoietic Niche dataset

offers detailed annotations spanning healthy, diagnostic, post-treatment, and relapse conditions.

This richer metadata makes it an ideal setting for examining how foundation models respond to clinically

meaningful variation. Because pretraining datasets are often heavily skewed toward healthy cells, models

may generalize unevenly across disease states or struggle with rare cellular populations. To better understand

these effects, we perform a stratified evaluation across both clinical timepoints and individual cell types,
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allowing us to expose systematic failures that would be invisible in aggregate scores. This fine-grained

analysis highlights not only where current foundation models perform well, but also where they fall short,

and why certain biologically and clinically important subgroups remain challenging despite strong overall

performance.

Performance Across Clinical Timepoints: To evaluate how foundation models respond to variation in

clinical state, we stratified performance by health and disease conditions. When averaging across all four

models (Geneformer, scBERT, scFoundation, and scGPT [160, 105, 1, 31]), we observed consistently higher

F1 scores for Healthy donors compared to AML samples (Fig. 10). Within the AML cohort, relapse cases

were consistently the most challenging, exhibiting a more pronounced decline in model performance than

primary AML samples.
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Figure 10: Performance of four foundation models (Geneformer, scBERT, scFoundation, scGPT) stratified by clinical
timepoint. While models perform well on Healthy samples, performance drops in AML, with the largest decline
observed in relapse cases. This pattern highlights a systematic gap: foundation models pretrained on mostly healthy
single-cell data generalize poorly to clinically challenging disease states, even though our evaluation dataset was evenly
balanced across all timepoints.

For example, scGPT maintained F1 scores above 90% in Healthy donors but dropped below 75% in re-

lapse samples, with scBERT and scFoundation showing similar reductions. These trends indicate that model

generalization is strongly condition-dependent, and that the transcriptional complexity associated with re-

lapse introduces substantial difficulty for current foundation models. Collectively, these findings highlight

the need for more robust representations capable of capturing the molecular heterogeneity characteristic of

disease progression.

Performance Across Cell Types: To examine how foundation models perform across distinct cellular

populations, we evaluated their predictive accuracy on each cell type individually. As shown in Fig. 11, all

models exhibit substantial difficulty identifying several clinically relevant populations, including CLP and
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Pre.B cells—cell types whose depletion is closely associated with the immune dysfunction characteristic of

AML patients [248].
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Figure 11: Heatmap of F1 scores by cell type across four foundation models. Performance is uneven: common and
well-represented populations such as B cells show strong accuracy, while others like CLP, Pre.B exhibit markedly lower
scores. In addition, some cell types are totally mistaken by foundation models, resulting in zero in their F1 Score.

In contrast, performance on more abundant and broadly defined populations, such as general B cells, remains

consistently high across models. This disparity highlights how under-represented or transcriptionally sub-

tle cell types introduce systematic vulnerabilities, ultimately constraining the clinical reliability of current

foundation-model predictions.

4.1.5 Summary

Section 1 established the foundation for our benchmarking study by providing a controlled and comprehen-

sive evaluation of four widely used single-cell foundation models. Our goal in this section was to fine-tune

each model under comparable conditions, quantify how well they generalize across biologically diverse

datasets, and build a deeper understanding of the factors that shape their performance.

Evaluating performance across the Hematopoietic Niche, PBMC 68K, and Heart datasets revealed that no

model performs uniformly across all biological contexts. Instead, each dataset brought forward different

strengths and weaknesses. Geneformer, scFoundation, and scGPT performed strongly on the Hematopoietic

Niche and PBMC 68K datasets, while scBERT and scFoundation achieved the highest scores on the Heart

dataset, where cell types are more specialized and transcriptionally distinct. These results, summarized in

Table 4, illustrate how differences in tissue composition and annotation complexity can shift the relative

advantages of each model.

The Hematopoietic Niche dataset provided an opportunity for even deeper analysis. Unlike the PBMC 68K
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and Heart datasets, it includes detailed clinical timepoint annotations, enabling us to examine how mod-

els behave across healthy, diagnostic, post-treatment, and relapse conditions. This richer metadata revealed

systematic performance drops in all AML states, with relapse cells posing the greatest challenge. A com-

plementary analysis at the cell-type level showed similarly uneven performance: common populations such

as B cells were classified reliably, whereas rare or transcriptionally subtle types, including CLP and Pre.B

cells, remained difficult for all models. These findings point to the lingering influence of pretraining biases

and the challenges posed by rare or underrepresented cell states.

Overall, our findings highlights both the promise and limitations of current single-cell foundation models.

Although they achieve strong accuracy on aggregate, their performance varies substantially across datasets,

disease conditions, and cell types.
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4.2 Multinomial Attention Masking (MAM) Algorithm

In the second part of our experiments, we move beyond evaluating off-the-shelf foundation models and

introduce our proposed Multinomial Attention Masking (MAM) algorithm. This objective focuses on im-

proving the masked-autoencoding objective commonly used during pretraining of single-cell foundation

models. Traditional random masking, used in models such as scGPT[31], scBERT[105], Geneformer[30],

and scFoundation[1], treats all genes equally, despite the extreme sparsity and uneven biological relevance

of scRNA-seq data.

As shown in our reference work, masking strategies in single cell models must carefully reflect the structure

of gene expression data. Zero valued genes do not imply a lack of biological meaning, as their relevance

is often context dependent and can represent meaningful cellular states. Likewise, high expression values

alone do not determine importance. Genes that are consistently expressed with low variability across cells,

even when highly expressed, are often less informative for learning discriminative representations. MAM

naturally accounts for both properties by learning data driven masking patterns from the model, allowing

gene importance to be inferred from contextual relationships rather than expression values or sparsity alone.

In this section, we integrate MAM into the scFoundation cite scFoundation backbone and evaluate its im-

pact across all datasets, demonstrating how attention guided masking and context injection improve model

robustness, interpretability, and downstream performance.

4.2.1 Training Hyper-parameters

Before describing the individual hyperparameters used in our experiments, it is important to note that all

configurations were selected through a combination of empirical hyperparameter tuning and alignment with

the default recommendations provided by the scFoundation[1] backbone model. Since the backbone was

originally optimized for large-scale scRNA-seq pretraining, we adopted similar parameter ranges to ensure

stable training, and adapted them only when necessary to accommodate our additional MAM modules and

the computational resources available. The final hyperparameters reported below represent the best balance

between training stability, computational efficiency, and downstream performance across all datasets.

Self-supervised Pretraining: During the self-supervised pretraining stage, we configure the model to learn

robust representations from raw gene expression profiles before introducing any labeled information. The

latent space is defined by a latent embedding dimension of Dz = 256 and a total of N = 128 trainable latent

vectors, which collectively form the basis for our multinomial masking decisions.

Cross-attention modules use 8 attention heads, enabling the latents to attend to different subsets of genes

simultaneously. To stabilize optimization, gradients are clipped to a maximum norm of 1.0, preventing

exploding gradients in long training runs. Training updates use two learning-rate groups: newly introduced

layers (such as latent vectors, cross-attention, and adapters) are trained with a higher learning rate of 1×10−4,

while the backbone layers receive a smaller learning rate of 1×10−5 to avoid overwriting previously learned

representations.
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A weight decay of 5×10−4 is applied to all trainable parameters for regularization. The attention regularizer

λattn = 1× 10−5 penalizes overly sharp cross-attention activations. Because scRNA-seq data exceed GPU

memory limits, the physical batch size is set to 1, and gradients are accumulated over 5 steps, resulting in

an effective batch size of 5. Training uses early stopping with a patience of 5 epochs to prevent overfitting

once the validation loss plateaus. Table 5 presents the hyperparameters we have used for self-supervised

pretraining.

Table 5: Hyperparameters for self-supervised pretraining (MAM).

Parameter Value Parameter Value

Latent dimension Dz 256 # latents N 128
Cross-attn heads 8 Gradient clipping 1.0
LR (new layers) 1×10−4 LR (backbone) 1×10−5

Weight decay 5×10−4 λattn 1×10−5

Batch size (physical) 1 Accumulation steps 5
Early-stop patience 5

Supervised Finetuning: In the supervised finetuning, we adapt the pretrained encoder to perform down-

stream cell-type classification. We retain the same latent dimension (Dz = 256) and number of latents

(N = 128) for architectural consistency, though all latent-related parameters remain frozen during finetuning.

A single learning rate of 1×10−4 is applied to the trainable parameters (classification head, and optionally

the final encoder block in partial finetuning).

Gradient clipping at 1.0 and weight decay of 5× 10−4 are again used to stabilize optimization. Because

finetuning runs under two regimes, partial finetuning and linear probing, we use batch sizes of 1 and 8, re-

spectively, with 5 gradient accumulation steps to maintain memory efficiency. The finetuning setup includes

8 cross-attention heads (consistent with pretraining), although cross-attention blocks remain frozen. The

classification head is a two-layer MLP with hidden dimension hl = 256, which transforms the pooled en-

coder representation into cell-type logits. Similar to pretraining, we use early stopping with a patience of 5

epochs to avoid overfitting on smaller labeled datasets. Here, Table 6 presents the hyperparameters we have

used for supervised finetuning.

Table 6: Hyperparameters for supervised finetuning (MAM).

Parameter Value

Latent dimension Dz 256
# latents N 128
LR 1×10−4

Gradient clipping 1.0
Batch size (partial, linear) 1, 8
Accumulation steps 5
Early-stop patience 5
Weight decay 5×10−4

Cross-attn heads 8
Linear head hidden dim (hl ) 256
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4.2.2 Computing Resources

To ensure fair and reproducible experimentation across all datasets and evaluation settings, we conducted

all experiments on a shared high-performance compute environment. Each experiment was executed using

4 × NVIDIA A40 GPUs, each equipped with 48 GB VRAM. This setup was necessary to accommodate the

large sequence lengths in scRNA-seq (up to 20K gene tokens), the memory demands of encoder–decoder

foundation models, and the additional overhead introduced by the MAM cross-attention modules. All ex-

periment groups including self-supervised pretraining, partial finetuning, and linear probing, were run using

identical hardware to maintain consistency in runtime comparisons.

Table 7 summarizes the total wall-clock time required for each stage across all datasets. Because each con-

figuration (masking scheme, injection strategy, finetuning mode) was repeated across 5 separate experiments,

the reported runtimes represent the cumulative training and validation time for the full experimental sweep.

The Hematopoietic Niche dataset required the longest runtime due to its larger size and higher sparsity,

whereas PBMC68K and Heart datasets exhibited similar compute requirements.

Table 7: Compute resources and end-to-end runtime for every experiment group (MAM). Each experiment used 4 ×
NVIDIA A40 GPUs (48 GB each).

Dataset Stage # Experiments Approx. Runtime

Hematopoietic niche

Pretrain 10 ∼ 4 weeks
Finetune (partial) 10 ∼ 2 weeks
Finetune (linear probe) 10 ∼ 1 week

Total 30 ∼ 7 weeks

PBMC 68K

Pretrain 10 ∼ 3 weeks
Finetune (partial) 10 ∼ 1 week
Finetune (linear probe) 10 ∼ 1 week

Total 30 ∼ 5 weeks

Heart

Pretrain 10 ∼ 3 weeks
Finetune (partial) 10 ∼ 1 week
Finetune (linear probe) 10 ∼ 1 week

Total 30 ∼ 5 weeks

Overall, the compute costs highlight the challenge of training transformer-based FMs on full-length scRNA-

seq inputs. Pretraining dominates total runtime due to the need to repeatedly reconstruct long gene sequences

under dynamically generated MAM masks. In contrast, both finetuning and linear probing require substan-

tially less time, as they operate on pretrained weights and involve significantly fewer trainable parameters.

Despite these costs, the chosen hardware and parallelization strategy allowed us to execute all experiments

within a feasible timeframe while maintaining controlled and replicable evaluation conditions.

4.2.3 Experiment Results

In this section, we evaluate the effectiveness of our Multinomial Attention Masking (MAM) framework

across three single-cell RNA-seq datasets: Hematopoietic Niche, PBMC68K, and Heart. Our experiments
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compare three major training regimes: Orig, which denotes finetuning or linear probing directly from

the original pretrained backbone[1]; P, which refers to models that undergo an additional round of self-

supervised pretraining on the target dataset; and FT or LP, which designate whether downstream evaluation

is performed via partial finetuning of the model parameters or via linear probing with the encoder frozen.

For example, Orig+FT represents standard finetuning from the original checkpoint, whereas P+LP evaluates

the impact of additional pretraining under a frozen-encoder classifier. We apply each setting to both random

masking and MAM, enabling a controlled assessment of how masking strategy influences downstream ac-

curacy. All reported numbers correspond to the mean and confidence interval across five independent runs,

implemented via 5-fold cross-validation where one fold is held out for testing each time. This experimental

design ensures a fair and statistically robust comparison across datasets, masking strategies, and training

regimes.

MAM outperforms random masking: Across all three datasets (Hematopoietic Niche, PBMC68K, and

Heart) MAM consistently provides higher downstream performance than uniform random masking. As

shown in Table 8, under partial finetuning (P+FT), random masking reduces the F1-score relative to the

original backbone, whereas MAM reliably recovers and surpasses these baselines. On the Hematopoietic

Niche dataset, random masking (P+FT) reaches only 79.33% compared to 80.04% for Orig.+FT, while MAM

with decoder injection achieves 81.33%, yielding a +2% absolute improvement.

A similar trend appears on PBMC68K, where random P+FT achieves 77.09% (Orig.+FT: 77.62%), but

MAM with encoder injection reaches 79.58%, a +2–2.5% gain. Even on the less sparse Heart dataset, MAM

still provides measurable improvements: the best P+FT configuration (decoder injection) achieves 92.57%,

surpassing both Orig.+FT (91.63%) and random masking (91.90%).

On the Heart dataset, where baseline performance is already high, MAM still provides consistent improve-

ments: random (P+FT) yields 91.90% (Orig.+FT: 91.63%), whereas MAM (decoder injection) achieves

the highest score of 92.57%, showing that attention-guided masking remains beneficial even in cleaner, less

sparse datasets. These results show that MAM not only mitigates the degradation caused by random masking

during pretraining, but also boosts the model beyond the original backbone’s performance.

For linear probing (LP), Table 9 further highlights the robustness of MAM. Random masking severely dis-

rupts the representations learned during pretraining: on the Hematopoietic Niche dataset, P+LP with random

masking collapses to 26.51%, far from the 77.36% achieved by Orig.+LP. In contrast, MAM (decoder in-

jection) recovers the performance to 71.54%, restoring most of the backbone’s accuracy despite the frozen

encoder.

On PBMC68K, random masking drops to 65.55%, whereas MAM lifts performance to 68.43%. For the

Heart dataset, although random masking degrades accuracy from 91.56% (Orig.+LP) to 89.99%, MAM

configurations narrow this gap, with “Separate” injection reaching 90.13%. Overall, MAM consistently

counteracts the disruptive effects of random masking, providing significantly more stable and biologically

meaningful representations for downstream classification.
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Table 8: Partial-finetune cell-type classification, comparing MAM (Ours) F1-score vs random masking. (FT: finetune,
P: pretraining, Orig. = original backbone weights [1], all tokens: masked all attention-suggested tokens; 80/10/10: the
standard random 80/10/10 scheme, Injection: which stream(s) received cross-attention output). Bolded numbers are
the best. Results are reported as the mean ± confidence interval from 5-fold cross-validation on the test set, with each
fold held out once.

Dataset Masking Injection Train F1-score

Hematopoietic

Random (80/10/10) – Orig.[1] + FT 80.04 ± 0.001
Random (80/10/10) – P+FT 79.33 ± 0.001
MAM (all tokens) Both P+FT 80.86 ± 0.001
MAM (all tokens) Separate P+FT 81.31 ± 0.002
MAM (all tokens) Encoder P+FT 81.10 ± 0.001
MAM (all tokens) Decoder P+FT 81.33 ± 0.002

PBMC68K

Random (80/10/10) – Orig.[1] + FT 77.62 ± 0.004
Random (80/10/10) – P+FT 77.09 ± 0.005
MAM (all tokens) Both P+FT 79.02 ± 0.011
MAM (all tokens) Separate P+FT 78.33 ± 0.007
MAM (all tokens) Encoder P+FT 79.58 ± 0.009
MAM (all tokens) Decoder P+FT 78.36 ± 0.007

Heart

Random (80/10/10) – Orig.[1] + FT 91.63 ± 0.004
Random (80/10/10) – P+FT 90.90 ± 0.004
MAM (all tokens) Both P+FT 92.37 ± 0.004
MAM (all tokens) Separate P+FT 92.31 ± 0.005
MAM (all tokens) Encoder P+FT 92.34 ± 0.005
MAM (all tokens) Decoder P+FT 92.57 ± 0.006

Partial-finetuning (P+FT) vs. linear probing (P+LP): Across all three datasets, we observe that pre-

training the backbone with uniform random masking (P+FT or P+LP) consistently pushes the model away

from its original optimal initialization, resulting in degraded downstream performance.

For example, on the Hematopoietic Niche dataset (Table 8), the F1-score of the original backbone with full

finetuning (Orig + FT) is 80.04%, but drops to 79.33% after pretraining with random masking (P+FT). The

effect is even more severe under linear probing: Orig + LP achieves 77.36%, whereas P+LP collapses to only

26.51% (Table 9), showing that random masking perturbs the encoder representations in ways that the frozen

linear head cannot recover from.

A similar trend appears on PBMC68K. With full finetuning, Orig + FT reaches 77.62%, while P+FT falls

slightly to 77.09%. Under LP, the drop is again substantial: 70.67% (Orig + LP) decreases to 65.55% (P+LP).

The Heart dataset follows the same pattern. Although the model is overall more robust on this dataset, pre-

training with random masking still yields declines, from 91.63% (Orig + FT) to 90.90% (P+FT), and from

91.56% (Orig + LP) to 89.99% (P+LP). These results reinforce that random masking introduces an undesir-

able shift in the model’s pretrained representations, undermining downstream classification performance.

In contrast, MAM consistently mitigates these issues. Under partial finetuning (P+FT), MAM not only avoids

the degradation caused by random masking but often surpasses the original backbone. On the Hematopoi-

etic Niche dataset, MAM reaches up to 81.33% (decoder injection), exceeding both P+FT (79.33%) and
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Orig + FT (80.04%). On PBMC68K, MAM with encoder injection achieves 79.58%, a clear improvement

over both baselines (77.09% and 77.62%). Even on the Heart dataset, where baseline scores are already high,

MAM consistently improves performance, reaching 92.57% with decoder injection.

Under linear probing, MAM also recovers most of the performance lost by random masking. While P+LP

disastrously collapses (e.g., 26.51% on Hematopoietic), MAM boosts performance to 71.54% (decoder in-

jection), narrowing the gap to the original backbone (77.36%). On PBMC68K, MAM improves P+LP from

65.55% to 68.43%. Although gains on the Heart dataset are more modest (e.g., 90.13% vs. 89.99%), MAM

consistently prevents the catastrophic degradation observed with random masking.

Overall, these findings indicate that while random masking destabilizes pretrained representations, espe-

cially harmful in linear probing, MAM preserves or enhances the backbone’s internal structure. MAM

(P+FT) consistently outperforms all baselines because both the backbone and MAM parameters can jointly

adapt; in contrast, MAM (P+LP) is constrained by the frozen encoder, which explains the remaining gap to

Orig + LP. Nevertheless, across all datasets and evaluation modes, MAM provides a significantly more stable

and effective pretraining strategy than uniform random masking.

Table 9: Linear-probe cell-type classification (F1-score). Same notation as Table 8.

Dataset Masking Injection Train F1-score

Hematopoietic

Random (80/10/10) – Orig.[1] + LP 77.36 ± 0.002
Random (80/10/10) – P+LP 26.51 ± 0.002
MAM (all tokens) Both P+LP 70.55 ± 0.001
MAM (all tokens) Separate P+LP 70.59 ± 0.001
MAM (all tokens) Encoder P+LP 49.23 ± 0.002
MAM (all tokens) Decoder P+LP 71.54 ± 0.001

PBMC68K

Random (80/10/10) – Orig.[1] + LP 70.67 ± 0.005
Random (80/10/10) – P+LP 65.55 ± 0.010
MAM (all tokens) Both P+LP 68.14 ± 0.010
MAM (all tokens) Separate P+LP 68.25 ± 0.013
MAM (all tokens) Encoder P+LP 68.17 ± 0.010
MAM (all tokens) Decoder P+LP 68.43 ± 0.010

Heart

Random (80/10/10) – Orig.[1] + FT 91.56 ± 0.004
Random (80/10/10) – P+FT 89.99 ± 0.006
MAM (all tokens) Both P+FT 89.76 ± 0.007
MAM (all tokens) Separate P+FT 90.13 ± 0.006
MAM (all tokens) Encoder P+FT 89.61 ± 0.007
MAM (all tokens) Decoder P+FT 89.57 ± 0.008

The impacts of context-injection schemes: Across all datasets, the choice of where to inject the latent

context plays a meaningful role in the effectiveness of MAM. As shown in Table 8, under partial finetuning

(P+FT), different datasets favor different injection routes.

For the Hematopoietic Niche dataset, injecting the latent summary into the decoder yields the strongest per-

formance, reaching an F1-score of 81.33%, the highest among all configurations. For PBMC68K, however,
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the encoder-only injection achieves the best result at 79.58%, suggesting that early-layer contextualization

is more beneficial for this dataset. On the Heart dataset, the decoder again performs best, achieving 92.57%,

slightly outperforming the other injection strategies.

The trend is similar, but more constrained, in the linear probing setting (Table 9), where only the classification

head is trainable. In this frozen-encoder setting, the decoder, Both and Separate injections consistently

recover the largest portion of the original backbone’s performance across all datasets. For example, on

the Hematopoietic dataset, MAM with decoder injection improves P+LP accuracy from 26.51% (random

masking) to 71.54%. For the PBMC68K and Heart dataset, the gaps between injection schemes are smaller.

On the PBMC68K, decoder injection similarly lifts the P+LP score from 65.55% to 68.43%. For the Heart

dataset, “Separate” achieves the highest P+LP score (90.13%), followed closely by the other two multi-

stream injections.

Overall, these results show that injecting latent-derived context meaningfully enhances MAM’s effective-

ness, but the optimal strategy is dataset-dependent. Decoder-side injection generally offers the most robust

improvements, especially in P+FT, while combining injections (Both or Separate) provides competitive per-

formance when the encoder is frozen, as in linear probing.

Masking style (80/10/10 vs. all tokens): Across all three datasets, the appendix tables (10–15) show a

clear distinction between the behavior of random masking and MAM when switching from the standard

80/10/10 scheme to the “all tokens” variant. For random masking, replacing 80/10/10 with “all tokens” is

often harmful.

On the Hematopoietic Niche dataset, for example, random (All tokens) under partial finetuning collapses to

only 38.80% (Table 10), compared to 79.33% under the standard 80/10/10 masking. A similar degradation

is observed in linear probing, where random (All tokens) reaches only 28.51% versus 26.51% for random

(80/10/10), indicating no consistent gain. PBMC68K exhibits milder differences, but still shows no reliable

improvement from switching to all-token random masking (e.g., 77.06% vs. 77.09% in P+FT; Table 11). In

the Heart dataset, random (All tokens) performs roughly on par with 80/10/10 but provides no advantage

(90.88% vs. 90.90%; Table 12).

Conversely, under the MAM framework, switching to “all tokens” consistently improves or maintains perfor-

mance across all datasets and evaluation modes. For the Hematopoietic Niche dataset, MAM (All tokens) in-

creases P+FT accuracy across every injection method, achieving 81.33% with Decoder injection (Table 10),

the best result overall, while its MAM (80/10/10) counterpart lags far behind (e.g., 31.30–70.19%).

On PBMC68K, MAM (All tokens) achieves the best P+FT performance at 79.58% with Encoder injection

(Table 11), outperforming all MAM (80/10/10) variants. The same trend holds for the Heart dataset, where

MAM (All tokens) reaches 92.57% (Decoder injection), again exceeding all 80/10/10 configurations (Ta-

ble 12). Linear probing results mirror these findings: while random all-token masking remains unstable,

MAM (All tokens) consistently recovers most of the backbone accuracy, achieving 71.54% on Hematopoi-

etic Niche, 68.43% on PBMC68K, and 90.13% on Heart (Tables 13–15).
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Overall, the evidence indicates that although all-token masking can be fragile or even harmful under ran-

dom masking, especially on sparse, heterogeneous datasets such as Hematopoietic Niche, it becomes highly

beneficial when guided by attention-informed MAM scores. This highlights a core advantage of MAM: the

ability to scale masking adaptively across the entire input space without destabilizing model training.

4.2.4 Biological Validation Results

While our quantitative experiments demonstrate that Multinomial Attention Masking (MAM) improves

downstream classification performance, an important question remains: does MAM achieve this by learning

biologically meaningful structure, or are its gains merely the result of a more complex masking procedure?

To address this, we perform a set of biological validation analyses aimed at understanding what genes MAM

chooses to mask and why those choices matter biologically. Specifically, we examine (i) whether MAM

preferentially masks highly expressed, information-rich genes, and (ii) whether the most frequently masked

genes are enriched for known biological processes relevant to the underlying cell populations. Together,

these analyses allow us to connect MAM’s algorithmic behavior with interpretable biological mechanisms,

showing that its improvements stem from learning to focus on genes that meaningfully define cellular identity

and function.

Mask Frequency vs Gene Expression: A key question in understanding the behavior of our Multinomial

Attention Masking (MAM) algorithm is whether it learns to selectively mask biologically meaningful genes

rather than choosing positions arbitrarily. To investigate this, we analyzed masking behavior on a gene-by-

gene basis. For every gene in the training set, we computed: (i) the total number of times the gene was

selected for masking over all training iterations, and (ii) the gene’s average expression value conditional on

being masked.
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Figure 12: Scatter plot of each gene’s masking frequency against its mean expression when masked (experiment 8,
Appendix Table 11), illustrating that MAM preferentially targets genes with higher expression levels.

If masking were purely random, all genes would be masked at roughly similar frequencies over time, irre-

spective of their expression levels. In contrast, highly expressed genes typically carry stronger biological

signal (reflecting cell identity, function, or activation state) so a learned masking strategy should prioritize

masking these informative features to create more challenging reconstruction targets.

As shown in Fig. 12, we observe a clear and consistent positive correlation between masking frequency and

mean expression level: genes with higher non-zero expression are masked substantially more often than

genes expressed at or near zero. This trend appears across experiments (illustrated here with Experiment 8 in

Appendix Table 11). This behavior strongly suggests that MAM does not simply sample positions uniformly.

Instead, it learns an attention-driven policy that concentrates masking on the most informative coordinates of

the transcriptome. Silent or weakly expressed genes, which provide little discriminative value, are masked

far less frequently. Thus, MAM naturally prioritizes biologically relevant genes, leading to more effective

self-supervised training and ultimately improved downstream performance.

GO Enrichment Analysis: To understand why our attention-driven masking strategy improves down-

stream model performance, we examined the biological relevance of the genes that MAM chooses to mask

most frequently. As an illustrative case, we conducted a Gene Ontology (GO) enrichment analysis [247]

on the PBMC68K dataset, focusing specifically on the subset of genes that were masked most often during

pretraining. The top enriched biological processes are shown in Fig. 13.

The enrichment results reveal that several highly informative pathways such as lipid transport (GO:0006869),

positive regulation of cholesterol transport (GO:0032376), phospholipid transport (GO:0015914), and ce-

ramide transport (GO:0035627) which are among the most frequently masked by MAM. These processes

play central roles in immune cell identity and function, including membrane organization, antigen presenta-
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Figure 13: Top enriched GO biological processes among the most frequently masked genes in the PBMC68K dataset.
The x-axis demonstrates the significance of each biological process (y-axis) derived from masked genes.

tion, vesicle trafficking, and cytokine signaling. Their prominence within the masked set strongly suggests

that MAM selectively targets biologically meaningful genes rather than masking features indiscriminately.

In contrast, uniform random masking assigns equal probability to all genes regardless of their biological

relevance or expression patterns, often forcing the model to reconstruct genes that are either uninformative

or sparsely expressed. By masking highly informative genes instead, MAM encourages the model to learn

deeper, more discriminative representations of cellular state: the decoder must reconstruct biologically im-

portant variation, and the encoder must capture structure that explains it. This targeted masking pressure

ultimately leads to improved generalization and higher downstream performance.

Thus, the most frequently masked genes not only reflect underlying biological structure but also drive the

model to internalize that structure more effectively. These findings highlight the value of integrating bio-

logically guided masking strategies, such as MAM, into self-supervised learning pipelines for single-cell

genomics, where sparsity and heterogeneity pose inherent challenges to uniform masking schemes.

4.2.5 Summary

In this objective, we introduced and evaluated the proposed Multinomial Attention Masking (MAM) al-

gorithm as an alternative approach to the uniform random masking strategies commonly used in single-cell

foundation models. Unlike random masking, which treats all genes equally and often ignores biologically in-

formative positions, MAM leverages cross-attention scores from a set of learnable latent vectors to construct

data-driven masking distributions that adapt to the underlying transcriptomic structure.

Our results demonstrate that MAM consistently outperforms random masking across all datasets and evalu-

ation regimes, both by enhancing downstream F1-scores and by mitigating the representational degradation
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introduced by random pretraining, especially severe under linear probing. We further show that the effective-

ness of MAM depends on how latent-derived context is injected into the model, with decoder-side injection

yielding the strongest and most stable improvements.

Importantly, biological validation analyses reveal that MAM preferentially masks highly expressed, information-

rich genes and that these frequently masked genes are enriched for immune and lineage-relevant GO bio-

logical processes, confirming that MAM learns biologically meaningful masking patterns. Taken together,

MAM demonstrates that attention-guided masking is a powerful and biologically principled enhancement

to masked-autoencoder pretraining for scRNA-seq, improving robustness, interpretability, and downstream

performance over existing random masking paradigms.
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5 Conclusion

5.1 Summary of Findings

Across both objectives of our study, we conducted a comprehensive investigation into the performance, lim-

itations, and improvement potential of single-cell foundation models. Objective 1 established a controlled

benchmark for four widely used models revealing that although these models achieve strong aggregate per-

formance, their generalization is highly dataset-dependent and sensitive to both biological context and data

imbalance.

In particular, all models exhibited substantial drops in accuracy on clinically challenging AML relapse sam-

ples and on rare or transcriptionally subtle cell types such as CLP and Pre.B cells. These observations

highlight persistent weaknesses inherited from the pretraining stage.

Objective 2 introduced the Multinomial Attention Masking (MAM) algorithm as a biologically informed

alternative to random masking. By using latent cross-attention to learn gene importance dynamically, and

by injecting this learned context back into the encoder–decoder architecture, MAM consistently improved

masked-autoencoder pretraining across all three datasets studied.

Under both partial finetuning and linear probing, MAM not only mitigated the representational degradation

caused by random masking but also surpassed the original pretrained backbone in many settings. Decoder-

side context injection provided the strongest performance gains, though optimal injection pathways varied

across datasets.

Biological validation analyses further demonstrated that MAM is not merely a more complex masking mech-

anism: it learns to prioritize highly expressed, information-rich genes and frequently masks genes enriched

for immune and lineage-relevant GO processes. These findings provide strong evidence that MAM leverages

biologically meaningful structure in the data to drive more effective self-supervised learning.

Taken together, our findings reveal two complementary insights. First, Objective 1 shows that although

current single-cell foundation models provide strong baseline representations, their performance varies sub-

stantially across datasets, disease states, and rare cellular populations, underscoring persistent limitations

rooted in existing pretraining practices.

Second, Objective 2 demonstrates that Multinomial Attention Masking (MAM) offers a biologically in-

formed alternative to uniform random masking, improving model robustness, interpretability, and down-

stream accuracy through attention-guided gene prioritization and flexible context-injection mechanisms.

While these objectives address different questions, they collectively illustrate both the challenges inherent to

current single-cell FMs and the potential of targeted methodological innovations to enhance their pretraining

dynamics.
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5.2 Contributions and Impact

This work makes both methodological and empirical contributions to the development of single-cell founda-

tion models. First, we provide one of the most systematic evaluations to date of four widely used single-cell

FMs across three datasets spanning healthy, disease, and tissue-specific conditions. By fine-tuning each

model under controlled settings, we show that their performance is far from uniform: they perform well

on common cell types but struggle on rare lineages and in challenging clinical states such as AML relapse.

These findings give a clearer picture of where current FMs succeed and where they continue to face limita-

tions.

Building on this analysis, we introduce Multinomial Attention Masking (MAM), a new masking strategy

designed specifically for the structure of scRNA-seq data. Instead of selecting masked genes at random,

MAM uses attention over trainable latent vectors to identify which positions carry informative biological

signal. The approach is lightweight, does not require a teacher model, and can be integrated easily into

different FM architectures through several context-injection options.

Across all datasets and evaluation settings, MAM leads to more stable pretraining and higher downstream

classification accuracy than uniform random masking. In many cases, it also surpasses the original pre-

trained backbone, showing that better masking alone can meaningfully strengthen model representations.

Importantly, our biological validation demonstrates that MAM consistently prioritizes highly expressed and

functionally relevant genes, indicating that it learns meaningful structure rather than relying on arbitrary or

noisy patterns.

Overall, the contributions of this work provide both a clearer understanding of current FM behavior and a

practical method for improving their pretraining dynamics. Our findings highlight the importance of biolog-

ically informed masking strategies and offer a path toward more robust and reliable single-cell foundation

models.

5.3 Limitations

Although this work provides a broad evaluation of single-cell foundation models and introduces a biolog-

ically informed masking strategy, several limitations should be acknowledged. These limitations highlight

areas where future studies could strengthen and extend our findings.

First, our downstream evaluation focused solely on cell-type classification, as it was the only task with re-

liable and consistent annotations across all datasets. While this benchmark is widely used and informative,

it represents only one dimension of what foundation models are expected to handle. Other important tasks,

such as trajectory inference, perturbation response prediction, regulatory network reconstruction, and multi-

modal integration, were beyond the scope of this study. A broader task portfolio would offer a more complete

understanding of model capabilities and failure modes.

Second, although the three datasets used in our experiments span different tissues, they do not capture the
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full breadth of clinical or demographic variability. Only the Hematopoietic Niche dataset includes detailed

clinical timepoints, limiting our ability to analyze disease-specific performance in the other datasets.

Third, the effectiveness of MAM depends on the quality of the attention scores learned during pretraining.

In settings where attention becomes diffuse or unstable, due to noise, sparsity, or batch effects, the resulting

masking distribution may be less informative. Although MAM is lightweight and avoids the overhead of

teacher–student frameworks, its attention computation still introduces additional cost compared to uniform

masking, which may limit scalability for extremely large datasets.

Moreover, demographic information such as age, sex, race, and clinical background is largely unavailable

or inconsistently reported across datasets. This limitation prevents a systematic analysis of demographic-

specific performance and potential biases, and highlights the need for future studies to explore model behav-

ior across more diverse and well-annotated populations.

Finally, our findings reflect a broader challenge in single-cell foundation models: they inherit biases from

their pretraining dataset. As shown in the results, all evaluated models perform well on abundant and healthy

cell types yet struggle with rare populations and clinically difficult states, such as AML relapse. While

MAM improves pretraining robustness, it does not directly address data imbalance or biases. Progress in

this area will require more diverse pretraining datasets and principled strategies for fairness-aware model

development.

Overall, these limitations point toward several areas for future work, including expanding task diversity,

integrating richer metadata, and developing methods to counteract biases in large-scale single-cell dataset.

5.4 Future Directions

Building on the insights obtained across both objectives of this study, several directions emerge for advancing

single-cell foundation models and improving biologically grounded masking strategies. A natural next step

is to explore a broader range of downstream tasks beyond cell-type classification. Tasks such as trajectory

inference, perturbation response modeling, perturbation ranking, and gene regulatory network reconstruction

would offer a more complete assessment of how pretraining and masking choices influence model general-

ization.

Another promising direction is the incorporation of clinical and demographic metadata during pretraining

and evaluation. Datasets with richer annotations would make it possible to study fairness, subgroup per-

formance, and domain shifts in greater depth. Evaluating models across disease progression, treatment

response, and patient-level heterogeneity could reveal how well foundation models capture clinically mean-

ingful variation, and whether masking strategies such as MAM can be adapted to these contexts.

Finally, addressing data imbalance and biases remains an open challenge. Future research may explore bal-

anced pretraining strategies, synthetic minority cell augmentation, or curriculum-style masking schedules
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that progressively emphasize challenging cell states. These approaches could reduce the systematic weak-

nesses observed in our study and move single-cell foundation models closer to equitable performance across

rare, diseased, and clinically significant populations.

At the architectural level, applying MAM to a wider variety of pretrained models will help determine how

masking interacts with different computational constraints and inductive biases. This may also motivate new

variants of MAM tailored to compressed models or rank-based representations, where sparsity and gene

ranking introduce unique challenges. Together, these directions outline a path toward the next generation of

single-cell foundation models, models that are more robust, biologically grounded, and capable of general-

izing across the full diversity of cellular and clinical settings.
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Appendices

A Partial Finetuning Results (MAM)

Table 10: Appendix: Partial-finetune results on the Hematopoietic Niche dataset. (FT = finetune, P = pretraining,
Orig. = original backbone weights, all tokens = masked all attention-suggested tokens, 80/10/10 = the standard random
80/10/10 scheme, Injection: which stream(s) received cross-attention output). Here Orig. comes from [1]. Results are
reported as the mean ± confidence interval from 5-fold cross-validation on the test set, with each fold held out once.

Exp Masking Injection Train F1-Score (%)
0 Random (80/10/10) - Orig. + FT 80.04 ± 0.001
1 Random (80/10/10) - P+FT 79.33 ± 0.001
2 Random (All tokens) - P+FT 38.80 ± 0.002
3 MAM (80/10/10) Both P+FT 60.40 ± 0.003
4 MAM (All tokens) Both P+FT 80.86 ± 0.001
5 MAM (80/10/10) Separate P+FT 55.19 ± 0.003
6 MAM (All tokens) Separate P+FT 81.31 ± 0.002
7 MAM (80/10/10) Encoder P+FT 70.19 ± 0.001
8 MAM (All tokens) Encoder P+FT 81.10 ± 0.001
9 MAM (80/10/10) Decoder P+FT 31.30 ± 0.002
10 MAM (All tokens) Decoder P+FT 81.33 ± 0.002

Table 11: Appendix: Partial-finetune results on the PBMC68K dataset. Same notation as Table 10. Here Orig. comes
from [1]. Results are reported as the mean ± confidence interval from 5-fold cross-validation on the test set, with each
fold held out once.

Exp Masking Injection Train F1-Score (%)
0 Random (80/10/10) - Orig. + FT 77.62 ± 0.004
1 Random (80/10/10) - P+FT 77.09 ± 0.005
2 Random (All tokens) - P+FT 77.06 ± 0.004
3 MAM (80/10/10) Both P+FT 78.71 ± 0.006
4 MAM (All tokens) Both P+FT 79.02 ± 0.011
5 MAM (80/10/10) Separate P+FT 78.13 ± 0.007
6 MAM (All tokens) Separate P+FT 78.33 ± 0.007
7 MAM (80/10/10) Encoder P+FT 78.23 ± 0.008
8 MAM (All tokens) Encoder P+FT 79.58 ± 0.009
9 MAM (80/10/10) Decoder P+FT 77.89 ± 0.006

10 MAM (All tokens) Decoder P+FT 78.36 ± 0.007
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Table 12: Appendix: Partial-finetune results on the Heart dataset. Same notation as Table 10. Here Orig. comes from
[1]. Results are reported as the mean ± confidence interval from 5-fold cross-validation on the test set, with each fold
held out once.

Exp Masking Injection Train F1-Score (%)
0 Random (80/10/10) - Orig. + FT 91.63 ± 0.004
1 Random (80/10/10) - P+FT 90.90 ± 0.004
2 Random (All tokens) - P+FT 90.88 ± 0.005
3 MAM (80/10/10) Both P+FT 92.06 ± 0.008
4 MAM (All tokens) Both P+FT 92.37 ± 0.004
5 MAM (80/10/10) Separate P+FT 91.87 ± 0.005
6 MAM (All tokens) Separate P+FT 92.31 ± 0.005
7 MAM (80/10/10) Encoder P+FT 92.19 ± 0.005
8 MAM (All tokens) Encoder P+FT 92.34 ± 0.005
9 MAM (80/10/10) Decoder P+FT 92.22 ± 0.007

10 MAM (All tokens) Decoder P+FT 92.57 ± 0.006

B Linear Probe Results (MAM)

Here, we present the results of linear probing for Hematopoietic Niche and PBMC68K datasets, in Table 13

and Table 14, respectively.

Table 13: Appendix: Linear-probe results on the Hematopoietic Niche dataset. Same notation as Table 10. Here Orig.
comes from [1]. Results are reported as the mean ± confidence interval from 5-fold cross-validation on the test set,
with each fold held out once.

Exp Masking Injection Train F1-Score (%)
0 Random (80/10/10) - Orig. + LP 77.36 ± 0.002
1 Random (80/10/10) - P+LP 26.51 ± 0.002
2 Random (All tokens) - P+LP 28.51 ± 0.003
3 MAM (80/10/10) Both P+LP 36.55 ± 0.002
4 MAM (All tokens) Both P+LP 70.55 ± 0.001
5 MAM (80/10/10) Separate P+LP 29.81 ± 0.001
6 MAM (All tokens) Separate P+LP 70.59 ± 0.001
7 MAM (80/10/10) Encoder P+LP 38.15 ± 0.002
8 MAM (All tokens) Encoder P+LP 49.23 ± 0.002
9 MAM (80/10/10) Decoder P+LP 20.15 ± 0.002

10 MAM (All tokens) Decoder P+LP 71.54 ± 0.001

75



Table 14: Appendix: Linear-probe results on the PBMC68K dataset. Same notation as Table 10. Here Orig. comes
from [1]. Results are reported as the mean ± confidence interval from 5-fold cross-validation on the test set, with each
fold held out once.

Exp Masking Injection Train F1-Score (%)
0 Random (80/10/10) - Orig.+ LP 70.67 ± 0.005
1 Random (80/10/10) - P+LP 65.55 ± 0.010
2 Random (All tokens) - P+LP 65.06 ± 0.008
3 MAM (80/10/10) Both P+LP 68.09 ± 0.010
4 MAM (All tokens) Both P+LP 68.14 ± 0.010
5 MAM (80/10/10) Separate P+LP 68.32 ± 0.011
6 MAM (All tokens) Separate P+LP 68.25 ± 0.013
7 MAM (80/10/10) Encoder P+LP 68.13 ± 0.010
8 MAM (All tokens) Encoder P+LP 68.17 ± 0.010
9 MAM (80/10/10) Decoder P+LP 68.09 ± 0.008

10 MAM (All tokens) Decoder P+LP 68.43 ± 0.010

Table 15: Appendix: Linear-probe results on the Heart dataset. Same notation as Table 10. Here Orig. comes from [1].
Results are reported as the mean ± confidence interval from 5-fold cross-validation on the test set, with each fold held
out once.

Exp Masking Injection Train F1-Score (%)
0 Random (80/10/10) - Orig.+ LP 91.56 ± 0.004
1 Random (80/10/10) - P+LP 89.99 ± 0.006
2 Random (All tokens) - P+LP 90.10 ± 0.008
3 MAM (80/10/10) Both P+LP 80.11 ± 0.010
4 MAM (All tokens) Both P+LP 89.76 ± 0.007
5 MAM (80/10/10) Separate P+LP 90.11 ± 0.005
6 MAM (All tokens) Separate P+LP 90.13 ± 0.006
7 MAM (80/10/10) Encoder P+LP 89.55 ± 0.005
8 MAM (All tokens) Encoder P+LP 89.61 ± 0.007
9 MAM (80/10/10) Decoder P+LP 89.24 ± 0.006

10 MAM (All tokens) Decoder P+LP 89.57 ± 0.008

76


