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A HYPERPARAMETER SETUP FOR BASELINE
APPROACHES

As recommended in the paper [2], the weight A of the classifier of
ADC-GAN is set to be 1.0 for CIFAR10/CIFAR100 and ImageNet,
and 0.5 for Tiny-ImageNet; the parameter 1 in AC-GAN is set
to 0.2 for CIFAR10/CIFAR100 and Tiny-ImageNet as it yields the
best performance. For the datasets Baby/Papa/Grandpa-ImageNet,
we investigate the performance of AC-GAN and ADC-GAN with
different values of A = {0.1,0.3,0.5,0.7, 1.0}. Based on the results,
we set that A = 0.5 for ADC-GAN and A = 0.3 for AC-GAN that
yield the best performance. Regarding PD-GAN and ReACGAN,
we follow the default hyperparameter settings implemented by
StudioGAN.

B PROOF FOR PROPOSITION 3.1.

The main idea of the proof is similar to the proof of [1, Proposition
A.1]. Given Qxvy, the objective functions for the classifier of CG-
GAN in the discriminator, as specified in Equation (7), can be written
as the following form

Osce(x,y) =arg min Ey,y~Pxy [Osce (%, )]
Osce (X,

+Ex,y~Oxy [[m = osce(x, y)]+]. (22)

Note that osce(x,y) > 0. Based on the proof of [8, Lemma 1],
the optimal solution o3, (x, y) can be derived as:

0, Oxy < Pxy,
m,  QOxy > Pxy,
ax, Qxy =Pxy >0,
Bx, Oxy =Pxy =0,

(23)

U:ce (x,y) =

where ay € [0,m] and By € [0, +00). The objective functions for
the classifier of CG-GAN in the generator can be formulated as a
minimization problem with respect to Qxy:

*
QXY

=arg rQnin IE;x,y~QXy [o5ce (. 9)] = Ex,y~PXy [osce(x. 1)), (24)
XY

where the second term in Equation (24) is implicitly defined because
the problem is an adversarial game between the distributions Qxy
and osce.

The rest part of the proof follows the same steps as the proof of 1,
Proposition A.1]. we only replace the corresponding marginal dis-
tribution with the joint distribution, and replace the discriminator
function with the cross entropy function. Based on [1, Proposition
A.1], the global optimum of the training objective for the classifier
of CG-GAN can be achieved if and only if Qxy = Pxy.

C PROOF FOR LEMMA 3.2.

Since Equation (11) consists of the softmax cross-entropy osce (x, y) =
—log Pr(y|x), we derive the gradient of the softmax cross-entropy
Osce (%, ), WLt We(y ... K} as following:

""s%(kx’y) =—f(x) (1y=k - Pr(yIX))~ (25)

Based on Equation (11), we have:

—log Pr(ylx! log Pr(ylx}) < 0;
L(h) = { ogPr(ylx)). m +logPr(y[x{) <

—logPr(ylx]) + m +log Pr‘(ylx‘iq), otherwise.

Based on Equation (25), it is easy to derive the gradient of L, (i):

AL (i) _ {Gr(i, k),

Pr(y|xig) < exp(—-m);
owr | Gr(i, k) = Gg(i, k), Pr(ylx)) > exp(—m),

where G,(i,k) = —f (x{) (1y=k - Pr(y|x{)) and G, (i,k) =
-f (x?) (1y=k - Pr(y|x?)), Here, 1, is the indicator function
that outputs 1if y = k.

D PROOF FOR COROLLARY 3.3.

Based on Proposition 3.1, we have Qxy = Pxy. Particularly, when
QOxy = Pxy, the objective functions for the classifier of CG-GAN in
the discriminator, (i.e., Equation (7)), can be written as the following
form

@(0sce(x,Y))
= Ex,y~PXy [Usce (x, y)] + Ex,y~Qxy [[m — Osce(x, y)]+]
= Ex,y~PXy [Usce (x, y)] + IE1:'x,y~PXY [[m — Osce(x, y)]+], (26)

Then the proof is similar to the proof of [8, Lemma 1]. The deriv-
ative of the function ¢ is ¢’ = Pxy — Pxy = 0 for osce(x,y) €
[0, m); Meanwhile, for gsce(x,y) € (m,+c0), the derivative is ¢’ =
Pxy > 0. So the function ¢ reaches its minimum value when
Osce(x,y) € [0,m]. And the corresponding optimal confidence
function Pr*(y|x) may be any value between exp(—m) and 1.

E THE CONNECTION WITH SOME
REGULARIZATION TECHNIQUES ON THE
INTRODUCED KL TERM

In this section, we examine the connection between the KL term
which we have introduced in Section 3.3 and various standard
regularization methods used to mitigate overfitting in neural net-
works. Firstly, we define the softmax cross-entropy loss function
as follows. Given the prior label distribution Q = {q1,92,- - - , gk}
and the prediction distribution P(x) = {p1(x), p2(x), -, pr (%)}
by the classifier, the standard softmax cross-entropy loss can be
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defined as:

K K
xp(l;
H(Q, P(x)) = Z —qjlogpj(x) = Z —gjlog exp(lj(x))
- /

: Z 2K exp(lk(x)
(27)
Connection with label smoothing: Label smoothing [6] is a
regularization technique for mitigating overfitting in neural net-
works. Given a parameter a, training a classifier with label smooth-
ing is to minimize the cross-entropy between a prior label distribu-
tion P’ and the prediction distribution of classifier P(x). The pls

is defined as:

[24 (24 [¢4
2 1-a+ 2
K K K
————
The y-th item

Plsz[

Let @ = (1—exp(-m)) - I% ,then P = PIs. Consequently, we have:

minKL(P||P(x)) = minKL(P'*||P(x))

=minH(P*,P(x)) - H(P, PE)
|
Constant for optimization
= minH(P', P(x)), (28)

Equation (28) indicates that it is equivalent to add one side (for gen-
erated data) label smoothing to CG-GAN when we use KL(P||P(x)).
Particularly, let exp(—m) = Il(’ P is a uniform distribution, and
KL(P||P(x)) is equivalent to the KL divergence between the uni-
form distribution and the predicted distribution P(x) of classifier.

Connection with confidence penalty: The confidence penalty
[5] aims to penalize a low-entropy output distribution of classi-
fier by adding the KL divergence between the predicted distribu-
tion P(x) of the classifier and the uniform distribution u. When
exp(—-m) = Il( KL(P(x)||P) is equivalent to confidence penalty (i.e.,
KL(P(x)||u)). Moreover, we have

minKL(P(x)||u) = minH(P(x), u) — H(P(x), P(x))
= min —log(u) — H(P(x), P(x))
= max H(P(x), P(x)), (29)
where H(P(x), P(x)) is the conditional entropy of the input.

F DISCUSSION OF DIFFERENT EVALUATION
PROTOCOLS.

Please note that some papers, such as the StudioGAN paper, utilize
the training dataset for evaluating metrics. However, we follow the
same protocol as [3, 7] by employing the validation dataset as the
default reference distribution for computing evaluation metrics. For
CIFAR10 and CIFAR100, we use the test dataset due to the absence
of the validation dataset. We illustrate the disparity between the
evaluations on the training and validation sets in Table 1, with a
particular focus on the significant inconsistencies observed in the
FID metric.

G MORE DETAILS FOR DATASETS

CIFAR10/100 are commonly used benchmark datasets for evaluating
GANSs. CIFAR10 consists of 60,000 RGB images with resolution 32 x
32 of 10 classes. CIFAR-100 consists of 100 classes and contains 600

Anonymous Authors

Table 1: Evaluation on CIFAR10 and Baby/Papa-ImageNet
using training/validation datasets. *: The reported perfor-
mance is evaluated using the public checkpoint provided by
the StudioGAN paper.

Datasets Methods  FID (train)| FID (valid)|
ReACGAN* 3.91 7.889
CIFAR10 ReACGAN 4.13 8.026
rCG-GAN 3.45 7.514
ReACGAN* 21.558 32.994
Baby-ImageNet ReACGAN 18.647 27.5857
rCG-GAN 11.534 21.4124
ReACGAN* 22.884 31.369
Papa-ImageNet ReACGAN 20.875 29.6279
rCG-GAN 13.504 23.4174

images for each class and the resolution is 32 X 32. Tiny-ImageNet
(64 X 64) contains 120000 images of 200 classes. The ImageNet
training set is composed of about 1.28 million images from 1000
different categories.

Baby/Papa/Grandpa-ImageNet (64 X 64) are created by Studio-
GAN for small-scale ImageNet experiments due to the extensive
computational resources required to train GAN on the full ImageNet.
These subsets of ImageNet are created based on the classification
difficulty: the Baby-ImageNet is the easiest to classify, whereas
the Granpa-ImageNet is the most difficult to classify. StudioGAN
computes the class-wise accuracy of ImageNet 1,000 classes us-
ing the InceptionV3 network and picks the real images of the
same class according to the rank on class-wise accuracy (1st~100th:
Baby-ImageNet, 451st~550th: Papa-ImageNet, and 901st~1,000th:
Granpa-ImageNet). For more details please refer to the StudioGAN

paper [4].

H MORE RESULTS

Impact of the weight of the classifier. For simplicity, let A =
A1 = Ay within the objective functions of rCG-GAN, as shown in
Equation (15) and Equation (16). We consider the FID curve with
varying the parameter A. From Figure 1 we can see that our rCG-
GAN has higher robustness with respect to the large weight of
the classifier A, and AC-GAN performs substantially worse when A
becomes larger.

Impact of the desired confidence. Table 2 shows the results
of the hyperparameter search for different values of the desired
confidence exp(—m) on CIFAR-10, CIFAR-100, Tiny ImageNet and
Baby/Papa/Grandpa-ImageNet. As depicted in Figure 2, “Density” of
our rCG-GAN is improved with increasing desired confidence. The
values of “FID” and “Coverage” exhibit minimal changes. As shown
in Figures 2b and 2c, it is evident that there is only a slight change in
FID and Coverage for different values of exp(—m) on CIFAR100. The
result suggests that our rCG-GAN exhibits robustness to variations
in exp(—m) in terms of FID and Coverage. However, it should be
noted that Density is more susceptible to changes in confidence
levels as shown in Figure 2a.

The average norm of input feature maps. It is shown in
Figures 3a and 3b that the regularization term, particularly the
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Table 2: Evaluation on CIFAR10, CIFAR100, Tiny-ImageNet, Baby/Papa/Grandpa-ImageNet. The “conf” denotes the desired
confidence. The CIFAR10 dataset contains 10 classes, while the Tiny-ImageNet dataset consists of 200 classes. The remaining

datasets consist of 100 classes each.

Datasets Methods  conf. IST FID| DensityT Coveragel Precision] Recalll
0.11 10058 8183  0.9943 0.9281 0.7396  0.6976

fCG-GAN
CIEARLO 04 10272 7.701 1.082 0.9356 0.773 0.675
0.11 9933 8084  1.0272 0.9292 07527  0.6919
ICG-GAN 4 10285 7514 1109 0.9396 0.7759  0.6736
0.011 134889 95285  0.9995 0.9192 07786  0.6568

fCG-GAN
CIEARL00 0.02 14291  9.505 1.048 0.9233 0.8008  0.6307
CGcAN 001 135334 0479 10149 0.9185 0.7894  0.6603
0.02 140678 946 10721  0.9248 0.8092  0.6222
00051 17.23  17.959  0.8575 0.773 07122  0.6138

Tiny-I -GA
iny-ImageNet TCG-GAN 1007  19.657 16.83  0.8965  0.8146 07344  0.5981
0011 32.1185 21.6787 0.8080  0.7972 07237  0.6967
Baby-ImageNet ICG-GAN 02 315075 214124 07792 0.7644 0.7289  0.6831
0.011 24.0439 250798  0.8327 0.789 07210  0.6348
Papa-ImageNet ICG-GAN 02 26.9556 234174 0.8396  0.8086 0.7288  0.6352
0.011 204053 242695  0.8851 0.8274 0.699  0.5724
Grandpa-TmageNet  rCG-GAN 000 50 445 22679  0.9006 0.856 0.7248 0.579
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Figure 1: FID on CIFAR-100 with different A.

KL term we have introduced in Section 3.3, effectively lowers the
feature norm for both real and generated data compared to that of
the CG-GAN. The reduced feature norm leads to an improvement
in the stability of the rCG-GAN over the basic CG-GAN, as depicted
in Figure 3c.

I QUALITATIVE RESULTS

Figure 4 illustrates the images generated by our rCG-GAN for
ImageNet. Figures 5 to 8 illustrate some qualitative results of our
rCG-GAN and the baseline approaches.
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(a) Density curves. (b) FID curves.

Figure 2: The experiments on CIFAR100.
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Figure 3: The average norm of input feature maps on CIFAR100.

Figure 4: Generated images on ImageNet dataset using rCG-GAN (FID=5.187).
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(c) ReACGAN (FID=27.5857). (d) r*CG-GAN (FID=21.41).

Figure 5: Generated images on Baby-ImageNet dataset.
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(c) ReACGAN (FID=30.4484). (d) r*CG-GAN (FID=16.83).

Figure 6: Generated images on Tiny-ImageNet dataset.
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(c) ReACGAN (FID=12.1964). (d) rCG-GAN (FID=9.46).

Figure 7: Generated images on CIFAR100 dataset.

(c) ReACGAN (FID=8.026). (d) r*CG-GAN (FID=7.514).

Figure 8: Generated images on CIFAR10 dataset.
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