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Figure 5. Qualitative results on LSUN Cat dataset and the demonstration of spatial awareness via varying the spatial heatmaps of
the generator. Row (a) shows several generated samples of a model trained through EqGAN-SA. Rows (b) and (c) illustrate the spatial
awareness of G: we keep the latent codes unchanged and move the spatial heatmap at the 4 × 4 level. The arrows indicate the movement
direction, where the cat moves along with the varied heatmap. To further show the hierarchical structure, we move the heatmap at the
finer level in the Row (d). Different from the body movement, the change in 8 × 8 heatmap (two centers) mainly moves the cat eyes, and
the change in 16 × 16 heatmap (four centers) leads to subtle movement of the cat ears. It is worth noting that, as the content is being
manipulated, our G knows to adjust the nearby regions to make everything coherent.

Spatial Heatmap Sampling and Encoding. In practice,
we find the GradCAM maps on the fine resolutions are too
sensitive to semantic cues. Therefore, we only conduct
encoding on the level 0, 1, 2 of G, i.e., resolution 4 × 4,
8 × 8, and 16 × 16. We heuristically generate 1, 2, 4
centers (in other words, sub-heatmaps) on these three levels.
We sample the level 0 heatmap center c00 by a Gaussian
distribution with a mean of (h2 ,

w
2 ), and a standard deviation

of (h3 ,
w
3 ). To keep the heatmaps consistent at various

levels, we sample the level 1, 2 centers over the level 0
center. It indicates the mean of Gaussian distribution c1n
and c2n is the sampled c00. Their standard deviations are
(h6 ,

w
6 ). If we shift the level 0 center, the heatmaps of

other levels will move correspondingly. Following the
coarse-to-fine manner, we decrease each center’s influence

area level by level. Besides, we drop the sampling if the
level 0 center is outside the image. In our observation,
the results of the proposed method are robust to these
hyperparameters for heatmap sampling. Therefore, we use
the same hyperparameters for heatmap sampling on all
the datasets. More implementation details are provided in
Supplementary Material.

Training. We implement our EqGAN-SA on the official
implementation of StyleGAN2, such that the state-of-the-
art image generation method StyleGAN2 [16] serves as
our baseline. We follow the default training configuration
of [14] for the convenience of reproducibility, and keep the
hyperparameters unchanged to validate the effectiveness of
our proposed framework. For example, we train all the
models with a batch size of 64 on 8 GPUs and continue
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