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Figure 1: LatentGandr interface for localized latent space exploration. Left: graph layout of latent space with local neighborhood; center:
image grids showing variations along local principal components; right: generated image vs. target.

Abstract�Generative AI has demonstrated signi�cant potential in creative design, enabling the rapid generation of visual content
and imaginative concepts. Although deep AI models achieve effective featurization in the latent space, navigating the space remains
a challenge. Current techniques, such as GANSlider and SliderSpace, use multiple sliders to generate high-dimensional vectors in
generative AI’s latent space. Despite applying (global) PCA to reduce the number of sliders, these approaches struggle with scalability
and usability as the number of control dimensions increases. In this paper, we introduce LatentGandr, a visual analytics technique
that facilitates latent space exploration by extracting locally linear dimensions from embeddings in high-dimensional latent spaces. By
analyzing the topology and local curvature of the embeddings, LatentGandr automatically identi�es local neighborhoods and computes
their principal components using localized PCA. These local principal components are visualized as interactive image grids, allowing
users to ef�ciently explore and control the generative process, providing an intuitive means to re�ne the generation of novel content and
concepts. To evaluate the effectiveness of LatentGandr, we conducted a study comparing it to GANSlider, the current state-of-the-art
visualization interface for generative AI models. The results offer insights into how localized exploration techniques can enhance user
interaction with these models.

Index Terms�Generative AI, High-dimensional data, Human-AI interaction

1 INTRODUCTION

Generative AI models have emerged as powerful tools in various do-
mains, including creative content generation. These models, such as
VQ-VAE [27], StyleGAN2[15] and Stable Diffusion[23], can syn-
thesize realistic images and generate designs. Their ability to learn
intricate patterns from data has revolutionized �elds ranging from com-
puter vision to computational art. Modern deep learning models tend to
map the high-dimensional input pattern in an intermediate space known
as the latent space, whose coordinates ef�ciently encode the desired
features of the output in a lower dimensional space. Visualization meth-
ods have been proposed to facilitate exploration and manipulation of
this latent space[6]. However, its high dimensionality continues to
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pose challenges for intuitive visualization, exploration, and control.
It follows that the latent space of a generative model represents

a compressed encoding of data, where each point corresponds to a
unique output � for example, a synthesized face or artwork. In models
like StyleGAN2, this latent space can span 512 dimensions or more,
making it nearly impossible for users to manually interpret or navigate
the space effectively. To fully utilize the potential of these models, users
need visualization interfaces that enable intuitive exploration without
demanding expertise in high-dimensional mathematics.

At �rst glance, this challenge appears to be a conventional high-
dimensional visualization problem, where the goal is to apply dimen-
sionality reduction (DR) techniques to projectD-dimensional data
points down to two dimensions:

DR : RD ! R 2 (1)

However, in the case of visualizing the latent spaces of generative
AI models, the objective is not merely to see high-dimensional data
points in 2D. Instead, users must be able to select points in 2D that
correspond to meaningful high-dimensional vectors, which can then be
passed to a decoder to generate outputs. Thus, the visualization task
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