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Fig. S1. Detailed illustration of Dynomap construction from learned feature coordinates. a, Tabular biomedical measurements are first organized into a feature
matrix, where each column corresponds to a biological variable and each row represents a sample. Dynomap assigns every feature a learnable coordinate in a continuous
two-dimensional space, establishing a spatial layout that reflects task-dependent relationships among variables. b, During model training, both the feature coordinates and
rendering parameters are updated jointly with the predictive model. Feature values are projected onto the spatial grid through Gaussian kernels whose location corresponds
to the learned feature coordinate and whose intensity reflects the feature magnitude. The resulting spatial maps are used as inputs to a convolutional neural network to
perform downstream tasks such as classification or regression. ¢, Detailed rendering process for a single sample. Each feature value generates a Gaussian kernel centered at
its learned coordinate. The superposition of all kernels produces a continuous two-dimensional surface, which is discretized into an image representation referred to as a
Dynomap. This process preserves feature identity while translating tabular measurements into a spatial representation that can be analyzed using vision-based models.
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