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> Spatial Transcriptomics (ST) is a spatially resolved and > Challenges in applying INRs to ST data: > Quantitative and visual comparisons of spatial imputation
high-dimensional measurement of gene expression. - High dimensionality: 1k~30k genes per spatial location (super-resolution) performance on various ST platforms.
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Trammg and Inference

> Trade-offs in ST: high resolution vs high cost ‘,
No existing ST platform is both affordable and capable > SUICA overall framework:
of providing high resolution. - Train a graph autoencoder (gae) to learn low-
: : dimensional representations of ST data ] A
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