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Can you “steer” a GAN In latent space?
, Steerlng in BigGAN
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- latent space trajectories in GANs correspond to simple
Image transformations

- following a trajectory changes the generated image
distribution

- dataset biases limit the extent of transformations
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Objective Function

Latent Space Image Space
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- latent space trajectories learned In a self-supervised manner

- L2 loss objective between applied latent walk and target
transformation

w* = arg min [
w

. [Q(G(z + aw), edit(G(2), 05))]

- alternatively instead of a linear walk, we can use a nonlinear one:

K =

. [‘ | (f"(z) — edit(G(z), ne)) | \]

Limits of Latent Space Transformations

Transformations Governed by Data Biases
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- steerability of image classes is governed by dataset diversity

- we achieve greater degree of transformation when dataset
spread is large

Steerable GANs

- Instead of freezing the generator parameters when learning a
latent space walk, we can jointly train the walk and the GAN
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argmin W: Vanilla GANs w/o data augmenation

argmin G,W: Jointly optimizing the generator and the walk parameters with data augmentation

- data augmentation and joint training of the generator and walk
Increases transformation range
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- ability to achieve arbitrary transformations is finite

- same trajectory has a different effect on different image classes;

volcanoes explode when darkened but mountains do not
- effect of transformation is consistent with class semantics

Shifting Attributes of Generated Distributions
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- latent space walks shift the generated image distribution

- generated images become unrealistic beyond a range of
transformation

Our Main Findings

1) A simple self-supervised walk in the latent space of GANs
achieves camera motion and color transformations in the
output image space.

2) The linear walk is as effective as more complex non-linear
walks, without being explicitly trained for.

3) The extent of each transformation is limited, and it is a
function of the dataset variability:.

4) The transformations are a general-purpose and work with
different architectures, e.g. BigGAN, StyleGAN, and DCGAN,
and illustrate different disentanglement properties in their
respective latent spaces.

5) Data augmentation and jointly training the walk trajectory and
the generator weights improves steerability, resulting in larger
transformation effects.
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