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INTRODUCTION

Visualizing high-dimensional data is crucial for
unlocking insights into complex phenomena. This
would require embedding onto lower-dimensional
planes to facilitate human interpretation and analysis.

USING fUDelft e
TH= LOR=SNTZ MOD=L
M=THODOLOGY

The data-structure used for accelerationis a

modified version of an octree (see bottom of poster).
This data-structure is applied on the Lorentz coordinates of

each embedded data point. The octree has the following:

Dimensionality reduction techniques play an essential role in this - standard octree splitting criterion: center of cube

process, preserving important metrics to reveal underlying
structures of the data.

- maximum width computation:

1. intersect all the segments of the Algorithm 1 Summary of a Gradient Descent Step at y,
cube with the hyperboloid Require: Y CH,y. €Y

In order to preserve data hierarchy information, hyperbolic models can be

2. compute all pairwise distances fpos = X jiPij G5 Z° Vy.dj
used to represent the embedding space. This research explores a method to 3. choose the largest one as the maximum Sneg € 0 oy

accelerate hyperbolic t-SNE using the Lorentz Hyperboloid model to enhance
efficiency and quality.
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t-SNE is a visualization technique for high-
dimensional data. It aims to minimize the
divergence between two distributions: a
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Hyperbolic space is the unique,
complete, simply connected
Riemannian manifold with constant
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Our method also maintains the acceleration factor from using an Yle

acceleration data-structure.
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