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Abstract
We introduce a method which allows users to creatively explore and navigate the
vast latent spaces of deep generative models. Specifically, our method enables users
to discover and design trajectories in these high dimensional spaces, to construct
stories, and produce time-based media such as videos—with meaningful control
over narrative. Our goal is to encourage and aid the use of deep generative models
as a medium for creative expression and story telling with meaningful human control. Our method is analogous to traditional video production pipelines in that we
use a conventional non-linear video editor with proxy clips, and conform with arrays
of latent space vectors. Examples can be seen at http://deepmeditations.ai.
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Introduction

In recent years we have seen major progress in the capability of generative deep neural networks that
are able to train on vast datasets and produce high resolution images. The goal of these generative
models is to learn the distribution of the training data such that we can sample from the distribution
to generate new images. We refer to this distribution as the latent space of the model, where any
point in this space can be decoded to a unique image. We denote vectors in this space with z.
Depending on our goals, there are different ways in which we could explore such a space. We could
use a fully automated search whereby points of interest are found algorithmically based on heuristics,
such as novelty [1]. Alternatively, we could provide a target image and retrieve a corresponding
z. Some architectures—e.g. Variational Auto-Encoders (VAE) [2] or Glow [3]—have an encoder
which does this, while other architectures—e.g. Generative Adversarial Networks (GAN) [4]—do
not. However it is still possible either by manually adding an encoder—e.g. VAE/GAN [5], or using
gradient based optimization techniques to recover a corresponding vector [6]. Other methods for
exploring latent spaces include systematic visualizations of interpolations between key points [7].
Our paper is not an attempt to replace any of these methods for discovering interesting points in
latent space. Rather, we can incorporate them into our process to enable users to discover and design
interesting trajectories in latent space, to produce sequences with meaningful control over narrative.
We face a number of challenges: i) Latent spaces are vast and high dimensional (e.g. 512); ii) They are
not distributed ‘evenly’ or as one might expect or desire. If we were to sample uniformly across the
space, we might end up with many more images of one type over another (e.g. in our model, flowers
occupy a large portion of the space); iii) As a result, interpolating from zA to zB at a constant speed
might result in visually variable speeds in movement; iv) It is very difficult to anticipate trajectories
in high dimensions. E.g. interpolating from zA to zB might pass through zX and zY , which may be
undesirable; v) the mass of the distribution is concentrated in the shell of a hypersphere; and vi) The
latent space changes with subsequent training iterations. We discuss these in more detail below.
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