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1 Experimental Setup

All experiments are conducted @ NVIDIA Dual RTX5000 GPUs with the Intel Xeon W-2145 CPU
and NVIDIA Dual RTX6000 GPUs with the Intel i9-9960X CPU.

First, we define the family of geometric transformations to which we want SITE to be equivariant as
constrained parametric affine transformations [4]: TB = {Tβ : β ∼ B}, where β ∈ R6. And B is
defined to constrain the affine transformations to be compositions of rotations in [−π/2, π/2] and
translation in [−h/2, h/2], where h denotes the width and the length of input data.

During experiments, the model configurations can be divided into two different settings according to
the complexity of the dataset. For MNIST [6], as it is simple, and the intrinsic structures are distinct
by pixels among classes, the structure of SITE degenerates from G ◦ F1 to G by setting F1 to be the
identical operator. That is, z = F1(x) = x. Correspondingly, the generatorG instead maps input x to
its prototypes Gi(x), i = 1, · · · , c. Hence the structure of SITE is built to be an autoencoder-based
structure, where there are c parallel decoders. As for CIFAR-10 [5], due to the need for upsampling
in visualization, the image data are resized to 128× 128. The feature extractor F1 is built based on
ResNet-18 [3]. Here F1 : R3×128×128 → R10×16×16. And for the generator G, it consists of c = 10
(number of categories) parallel autoencoders, such that Gi : R10×16×16 → R10×16×16. Both MNIST
and CIFAR-10 datasets are split into the training and validation sets by default. And all presented
examples are from the validation sets. We also test on more complex datasets like Food-101 [1] to
demonstrate the scalability of SITE. Please refer to the Appendix 5 for details. Besides, in order
to balance the classification loss and the transformation loss we set the scalar factor to be λ = 5
throughout the training phase.

2 More Examples on CIFAR-10

In this section, we present more results of SITE on the CIFAR-10 dataset as a supplement to Fig.
3 in the main body of the paper. Here we only present correctly classified examples. We sample 3
images for each class from the default validation set of CIFAR-10. The interpretations of SITE are
shown in Fig.1-10. Here the first rows are the untransformed and the transformed images, while
the second rows are the corresponding interpretations. And two adjacent columns are a pair of
untransformed and transformed images. The results of ten classes are listed alphabetically, that is, Fig.
1 for airplanes, Fig. 2 for birds, Fig. 3 for cars, Fig. 4 for cats, Fig. 5 for deer, Fig. 6 for dogs, Fig. 7
for frogs, Fig. 8 for horses, Fig. 9 for ships, and finally Fig. 10 for trucks. It can be clearly found that
SITE can accurately highlight the important features of both untransformed and transformed images
in classification. Besides, SITE also demonstrates great self-consistency, as the highlighted areas
preserve very similar shapes between the untransformed and transformed images.
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Figure 1: Additional examples of class “Airplane”. The first row shows the original images, and the
second row shows the heatmaps learned from SITE.

Figure 2: Additional examples of class “Bird”.

Figure 3: Additional examples of class “Car”.

3 More Examples in Comparison

In this section, we present more comparison results among SITE and the post-hoc methods mentioned
above. This is a supplement to Fig. 4 in the main body of the paper. The companions include:
back-propagation methods such as Grad-CAM [9], excitation back-propagation [14], guided back-
propagation [11], gradient [10], DeConvNet [13], and linear approximation. And also there are
perturbation methods such as randomized input sampling (RISE) [8] and extremal perturbation
(EP) [2]. The various comparing methods are implemented through the TorchRay toolkit [2]. To
illustrate the comparison results consistently, we use heatmaps of the same settings to visualize
the interpretations of all methods. Since the interpretations of different models are obtained in
very different ways, the visualizations of them are performed separately. Hence the heatmaps
only demonstrate the relative importance of pixels within each interpretation itself. The results
are presented in Fig. 11. In Fig. 11, we demonstrate a similar result as shown in the main body.
Although all methods present good results for the transformed images, post-hoc methods show less
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