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Appendix
A Details of the different models

A.1 Original CGN architecture

This section contains a diagram of the original CGN architecture, as presented

in [1].

fshape g m CGN
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Fig.1: CGN architecture diagram. Retrieved from [I].

Figure [1] illustrates the CGN architecture. The network is split into four
mechanisms, the shape mechanism fspqpe, the texture mechanism ficpe, the
background mechanism f;4, and the composer C. Components with trainable
parameters are blue, components with fixed parameters are green. The primary
supervision is provided by an unconstrained conditional GAN (cGAN) via the
reconstruction loss L,c.. The ¢cGAN is only used for training, as indicated by the
dotted lines. Each mechanism takes as input the noise vector u (sampled from a
spherical Gaussian) and the label y (drawn uniformly from the set of possible
labels V) and minimizes its respective loss (Lshape, Ltext; and Lpg). To generate
a set of counterfactual images, we sample u and then independently sample y for
each mechanism.
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(a) Student Generator S [2] (b) A Residual Block in S [2]

Fig. 2: Architecture of the TinyGAN (student) generator

A.2 TinyGAN architecture

This section provides an brief overview of the TinyGAN architecture. For more
details, refer to [2].

Generator. As shown in Figure [2f TinyGAN comprises a ResNet [3]-based
generator with class-conditional BatchNorm [4] [5]. To keep a tight computation
budget, it does not adopt attention-based [6] or progressive-growing mechanisms
[7]. To substantially reduce the model size compared to BigGAN, it:

— Relies on using fewer channels;
— Replaces standard convolution by depthwise separable convolution;
— Adopts a simpler way to introduce class conditions.

Overall, TinyGAN’s generator has 16x less parameters than BigGAN’s generator.

Discriminator. Following [8] [9], [2] opt for spectral normalized discriminator and
introduce the class condition via projection. But instead of utilizing complicated
residual blocks, they simply stack multiple convolutional layers with stride as
used in DCGAN [10], which greatly reduces the number of parameters.

Overall, TinyGAN’s discriminator has 10x less parameters than BigGAN’s
discriminator.

A.3 Baseline model

The baseline is a standard CGN architecture whose BigGANs have been replaced
with TinyGANs. Due to the need of a pre-trained model that (i) supervises the
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CGN training using a reconstruction loss and (ii) serves as the initialization of the
IM GANSs, a TinyGAN was trained from scratch using the KD strategy described
in [2]. In this section we present qualitative results of both the newly-trained
TinyGAN and of baseline model.

B SKDCGN

B.1 TinyGAN training data for SKDCGN

Implementing the architecture of the SKDCGN in Figure 1 in the main paper
requires training a TinyGAN for each Independent Mechanism of the CGN. To
this end, we extract each IM backbone (BigGAN + U2-Net for shape, BigGAN
for texture, BigGAN for background) from the CGN architecture, then use each
of them as a black-box teacher for our student. The KD training procedure,
however, requires training data. Hence prior to training, 1000 images per class
(totalling 1 million samples) were generated using each IM backbone extracted
from the pre-trained CGN provided by [I].

B.2 Generated Counterfactuals

Here we compare the counterfactuals generated from the SKDCGN model with
the ones produced from CGN. Refer to Figure [3] for visualization.

Fig. 3: Images generated by SKDCGN with three independently trained Tiny-
GANSs (top), and the original CGN architecture (bottom)

B.3 Results obtained on MINIST dataset on SKDCGN model

In this section, we present the results obtained on MNIST dataset on the proposed
architecture (SKDCGN) using default parameters. For visualization refer to [4]
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(a) A comparison of images generated by the CGN shape backbone (top row) and
those generated by the corresponding SKDCGN given the same input (bottom row).

(b) A comparison of images generated by the CGN texture backbone (top row) and
those generated by the corresponding SKDCGN given the same input (bottom row).

(¢) A comparison of images generated by the background backbone (top row) and
those generated by the corresponding TinyGAN given the same input (bottom row).

Fig.4: A comparison of images generated by the CGN backbones and those
generated by the corresponding SKDCGN (given the same input) for each
independent mechanism.

C Baseline Model

C.1 Training Details

The training procedure of a CGN requires a pre-trained GAN to provide primary
supervision via the reconstruction loss. However, the original TinyGAN was only
trained on only animal classes, hence the publicly-available model could not be
used for our baseline. In order to consistently use the same dataset for all the
experiments, we re-trained a TinyGAN from scratch (as described in [2]) on all
classes of ImageNet-1k. The images generated by TinyGAN are visualized in
Appendix [C:1] The images generated for each Independent Mechanism using our
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baseline model can be seen in Apart from this, we additionally generated
the counterfactuals using the baseline model which are shown in Appendix [C.1]

Generated outputs of TinyGAN trained on ImageNet-1k A TinyGAN
was trained using all 1000 classes of the ImageNet-1k dataset. Training details
are provided by [2]. Although the original paper trains the model for 1.2 million
epochs, we are forced to restrict the amount of iterations due to computational
constraints. After distilling the knowledge of a BigGAN for 18 epochs, our
TinyGAN generates reasonable images, as seen in Figure To compare the
image generation we have also presented images generated after the first epoch
as well [5a] It can be observed that if we further train the model, it could produce
images better in quality. Note that animal classes are better captured by the
model: this is inline with the findings of [2].

1~ A MY VL ;

(a) A comparison of images generated by BigGAN and the TinyGAN. Images in top
row are produced by BigGAN, while those in bottom row are by SKDCGN given the
same input after 1°% epoch.

= n J > i 4 [

(b) A comparison of images generated by BigGAN and the TinyGAN. Images in top
row are produced by BigGAN, while those in bottom row are by SKDCGN given the
same input after 18" epoch.

Fig.5: A comparison of images generated by BigGAN and the TinyGAN. Images
in top row are produced by BigGAN, while those in bottom row are by SKDCGN
given the same input

180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209



6 ECCV-22 submission ID

Generated outputs of the baseline trained on ImageNet-1k Figure [f
illustrates the individual outputs of each IMs at the starting, after epoch 300kth,
epoch 600k'", epoch 900k*", and epoch 1.2million'" (from left to right). In
each figure, we show from top to bottom : pre-masks m, masks m, texture f,
background b, and composite images Tgep.

=

Tgen

Fig. 6: Individual IM Outputs after training for baseline. From top to bottom:
m, m, f, b, Tgen. From left to right: at the start of training, after epoch 300kth,
epoch 600k, epoch 900k'", and epoch 1.2milliont"
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7

Generated Counterfactual Images of Baseline trained on ImageNet-1k
Finally, we show counterfactual images generated by the baseline model in Figure

@

Fig. 7: Counterfactuals generated by baseline on test data for ImageNet-1k
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D Improving the SKDCGN process

As mentioned in section improvement, we observed that the outputs from CGN
are noisy in nature , and a teacher can only be as good as student. Fig[§| evidently
describes how noisy the MNIST digits are. This is the reason we observe several
artefacts in our architecture as well. However in this section we try to improve
our architecture by several methods.

Fig. 8: Noisy outputs generated by the CGN when we made use of pretrained
weights given by the authors.

In the direction towards improving the images that are being generated by
our architecture, we strongly believe the room of improvement lies in these
components:

— Improving the quality of images that are being generated by the GAN network
in our architecture. Usually loss functions like VGG based perception loss,
L1 reconstruction loss are added.

— Improving the existing knowledge distillation framework such that the student
learns better from the teacher’s guidance by adding new loss functions to the
Knowledge Distillation task.
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To improve the quality of images, we observe that our architecture already has
most of the loss functions integrated implicitly/explicitly. Hence, we add the
Cross entropy loss for the generator and discriminator for the mask IM of the
architecture and get the results as shown in for second epoch. We observe
that digits like 0’ are being reconstructed however for other digits the inputs
look noisy in nature. By the end of 10th epoch for test set in Fig. [0b] we observe
that the digits are being reconstructed. We continue with the training since we
expected better results than what we have a;ready seen, however, contrary to
our beliefs we observe artefacts by the end of 30th epoch as shown in Fig.

VA 32D 0

' & »9 a O O

(a) A comparison of images generated by the CGN shape backbone
(top row) and those generated by the corresponding SKDCGN given
the same input (bottom row) after 2 epochs on test data.

! 7283490% % £

(b) A comparison of images generated by the CGN texture backbone
(top row) and those generated by the corresponding SKDCGN given
the same input (bottom row) after 10 epochs on test data.

385274dqQ6b 0w

(¢) A comparison of images generated by the background backbone
(top row) and those generated by the corresponding SKDCGN given
the same input (bottom row) after 30 epochs on test data.

Fig.9: A comparison of images generated by the CGN backbones and those
generated by the corresponding SKDCGN (given the same input) mask IM with
cross entropy loss

404
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D.1 KL multiplied with layer instead of L1

Since the image generation process already has most of the components to ensure
that the reconstruction is in place, we tried to improve the Knowledge distillation
between teacher and student network by integrating the KL divergence and
multiply the loss with every layer of the network instead of L1 which is default.
Possibly, because L1 reconstruction loss is explicitly needed that is to multiplied
with the activation of every layer. We observe the results as shown in Fig.

Q1 7375940

B EEBRERBE’

(a) A comparison of images generated by the CGN shape backbone (top row)
and those generated by the corresponding SKDCGN given the same input
(bottom row) after 2 epochs on test data.

(b) A comparison of images generated by the CGN texture backbone (top
row) and those generated by the corresponding SKDCGN given the same input
(bottom row) after 10 epochs on test data.

(¢) A comparison of images generated by the background backbone (top row)
and those generated by the corresponding SKDCGN given the same input
(bottom row) after 30 epochs on test data.

Fig. 10: A comparison of images generated by the CGN backbones and those
generated by the corresponding SKDCGN (given the same input) mask IM with
KL divergence multiplied with the activation of every layer instead of L1
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D.2 KL divergence between teacher and student outputs

Since KL cant be a substitute for L1 loss to be multiplied with activations of every
layer, we now modify the Knowledge distillation loss to be: L1 loss multiplied
with the activation of every layer and computer KL divergence between the
teacher’s outputs and students outputs separately and do not multiply it with the
activation of the layers anymore. We observe that we get better results by doing
this for background and foreground however the results for mask IM lose shape
after few epochs. We use KL divergence because leads to entropy minimization
between the teacher and student and we obtain results as shown in [[1l

(a) A comparison of images generated by the CGN shape
backbone (top row) and those generated by the corresponding
SKDCGN given the same input (bottom row) for Foreground
IM after 30 epochs on test data.

(b) A comparison of images generated by the CGN texture
backbone (top row) and those generated by the corresponding
SKDCGN given the same input (bottom row) for background
IM after 30 epochs on test data.

(¢) A comparison of images generated by the background
backbone (top row) and those generated by the corresponding
SKDCGN given the same input (bottom row) for mask IM
after 30 epochs on test data.

Fig.11: A comparison of images generated by the CGN backbones and those
generated by the corresponding SKDCGN (given the same input) mask IM with
KL divergence between teacher and student and L1 multiplied with the activation
of every layer.
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Since this approach gave us better results for several IMs we use the same
approach to generate results for ImageNet-1k dataset, and obtain better results.
From Fig. [12| we observe that with KL divergence we are able to converge faster
than without it.

Fig. 12: Left: Mask outputs obtained after 1st epoch of Imagenetlk dataset by
SKDCGN and Right: mask outputs obtained after 23rd epoch of Imagenetlk
dataset by SKDCGN. Evidently, we observe that by adding KL Divergence we
get better results right after 1st epoch, whereas we do not get similar outputs
even after 23rd epoch without it.

D.3 MSE instead of L1

In addition, We also tried L2 loss instead of L1 loss but it lead to noisy outputs
than previously generated and obtain results as shown in Since, L2 assumes
that the influence of noise is independent of the image’s local characteristic the
images are noisy in nature.
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(a) A comparison of images generated by the CGN shape backbone (top row) and
those generated by the corresponding SKDCGN given the same input (bottom row) for
mask IM after 2 epochs on test data.

(b) A comparison of images generated by the CGN texture backbone (top row) and
those generated by the corresponding SKDCGN given the same input (bottom row) for
mask IM after 10 epochs on test data.

(¢) A comparison of images generated by the background backbone (top row) and
those generated by the corresponding SKDCGN given the same input (bottom row) for
mask IM after 30 epochs on test data.

Fig.13: A comparison of images generated by the CGN backbones and those
generated by the corresponding SKDCGN (given the same input) mask IM with
L2 multiplied with the activation of every layer instead of L1.
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