Harpoon: Generalised Manifold Guidance for Conditional Tabular Diffusion
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TL;DR: Harpoon generalises manifold theory for handling arbitrary tabular conditional generation tasks at inference time.
Harpoon: Theory Harpoon: Algorithm

Motivation

Tabular Diffusion iteratively generates tables from noise.
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Conditional tabular diffusion is all about controlling the
generative process for various tasks, such as imputation,
cgenerating data subject to inequality constraints, or even
multiple constraints in combination.
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Imputation given partial observations Inequality constraints: >, <, >=, <= e.g. Color='Blue’ AND Age > 18

Challenges
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One model for all tasks: VWe would like to adapt a
pre-trained model at inference time for various tasks.

Theory-to-practice: We want an approach that is
theoretically grounded.

Simple and efficient; We want an approach that is
simple to understand and to implement in practice.
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We assume tabular rows implicitly lie o
manifolds. Geometrically, diffusion is
manifold shell until it eventually becomes white noise.
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We prove that at smal
project orthogonally onto the manifold surface. At the
same time, gradients from any infe

We compute a task-dependent inference-time loss that
measures the fidelity with the provided constraints. Over
several denoising steps, we interleave unconditional de-
noising steps with tangential corrections to converge.

e.g. 20 <Age <25 Imputation: (1 — m) ® xg
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Results

noise levels,

tangentially to the surface.
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rence time loss align

arpoon achieves low MSE (continuous features) and
nigh accuracy (discrete features) for imputation tasks. It
also achieves low constraint violation rates while generat-

iNng realistic samples when handling multiple constraints.

Mr ~ N(0,1)
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Code: https.//github.com/adisg98/Harpoon a.shankar@tudelft.nl
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