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Single-cell foundation models aim to learn transferable
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cellular representations from large-scale sScCRNA-seq

data. However, unlike natural language, gene [
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right order: genes within a cell form an unordered,

sparse, and dropout-prone expression set. This makes
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mismatched with single-cell data. Instead of generating

e 13CCL19 CCL23 eoLts
HBG1 p DDIT4 CCL24

2-Layer MLP
'-1 cna c% ccL2
CL3-AS1
ac 1? “\E E"EQ&‘- ccLl

: : . & OO -EB0E D000 OO B0 D00 ~w
genes sequentially, scD1Va formulates single-cell o,y 18 L [ Ranctm Masking B & & Loamatl Mask Embocdng. | »f w LAY m;“ m\!

itz i e SR Oo--00000~0 000 D D CI o[-

S . >| FTH1 EIFAEBP1
- <Pad Gene ID to max_seq> <Pad Expression to max_seq> C MS4A3 coL27

| ' |
[ | HENEER ©
H__ER

H B
|

nn.Embedding J [ PBMC12k

Pancreas

CCLS

modeling as dropout-aligned masked discrete diffusion,

where corrupted gene tokens are recovered through
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3. Main Results

bidirectional denoising.
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» Single-cell RNA-seq profiles are sparse, unordered,
and dropout-prone, making them difficult to model

with standard sequence-generation paradigms.

> Autoregressive models impose artificial gene
orders and accumulate errors, while Gaussian

diffusion mismatches discrete gene-token corruption.
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Global context, local fidelity,
robust single-cell modeling.
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» We propose scDiVa, a masked discrete diffusion

model using bidirectional denoising to recover gene

> \
Please give me a sto*

identity and expression value from global cell context.




