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Abstract

Recent image generation models show remarkable gen-
eration performance. However, they mirror strong location
preference in datasets, which we call spatial bias. There-
fore, generators render poor samples at unseen locations
and scales. We argue that the generators rely on their im-
plicit positional encoding to render spatial content. From
our observations, the generator’s implicit positional encod-
ing is translation-variant, making the generator spatially
biased. To address this issue, we propose injecting explicit
positional encoding at each scale of the generator. By learn-
ing the spatially unbiased generator, we facilitate the robust
use of generators in multiple tasks, such as GAN inversion,
multi-scale generation, generation of arbitrary sizes and
aspect ratios. Furthermore, we show that our method can
also be applied to denoising diffusion probabilistic mod-
els. Our code is available at: https://github.com/
jychoill8/toward _spatial_unbiased.

1. Introduction

Recent CNN-based generative models [5, 14, 17, 19, 20]
generate images of remarkable quality by learning the dis-
tribution of well-designed datasets. The careful design of a
dataset [19, 38], along with architecture design [5, 17, 19],
is an important factor [ 1] in the development of generative
model performance. First, humans carefully collect high-
quality images [19]. Then, to benefit learning, the collected
data are pre-processed according to human inductive bias.
Pre-processing may contain center-cropping [38], resizing,
mirror padding, and alignment based on landmark anno-
tation [17, 22]. Eventually, the images may have a strong
location preference, which we call spatial bias, due to the
photographer’s bias in the initial data collection and pre-
processing of the collected data. Both are used so the model
learns the underlying concepts of the dataset.

The collection and processing of the dataset are intended
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Figure 1: Generation at translated locations. (a) Baseline
StyleGAN2; (b) Spatially unbiased StyleGAN2. 2562 im-
ages generated at 16, 32 pixels rolled locations. (a) shows
distorted and harmed samples. With our method, a model
can generate well-structured images in unseen locations.

to improve learning, but the resulting spatial bias can be
an unintended shortcut for the model. If the spatial bias is
a cue that helps the model learn the data distribution eas-
ily, the model can rely on this shortcut [4] despite the suf-
ficient model capacity. We demonstrate that generator com-
ponents, such as constant tensors and zero-padding, jointly
work as implicit positional encoding. Since they are located
at fixed absolute positions, such implicit positional encod-
ing is translation-variant. Thus, it encourages the model to
rely on spatial bias. This phenomenon may be undesirable
from a generalization perspective. As seen in Fig. 1(a), a
spatially biased model generates distorted and harmed sam-
ples at shifted positions.

Therefore, our goal is to utilize a well-designed dataset
to learn rich representations without relying on spatial bias.
We explore implicit positional encoding of the model, anal-
ogous to studies in discriminative tasks [16, 21]. At each
scale of the generative models, positional information in-
troduced from the previous scale and zero-padding in the






























