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Abstract

The conditional generative adversarial network (cGAN)
is a powerful tool of generating high-quality images, but
existing approaches mostly suffer unsatisfying performance
or the risk of mode collapse. This paper presents Omni-
GAN, a variant of cGAN that reveals the devil in designing
a proper discriminator for training the model. The key is to
ensure that the discriminator receives strong supervision to
perceive the concepts and moderate regularization to avoid
collapse. Omni-GAN is easily implemented and freely in-
tegrated with off-the-shelf encoding methods (e.g., implicit
neural representation, INR). Experiments validate the su-
perior performance of Omni-GAN and Omni-INR-GAN in
a wide range of image generation and restoration tasks. In
particular, Omni-INR-GAN sets new records on the Ima-
geNet dataset with impressive Inception scores of 262.85
and 343.22 for the image sizes of 128 and 256, respectively,
surpassing the previous records by 100+ points. Moreover,
leveraging the generator prior, Omni-INR-GAN can extrap-
olate low-resolution images to arbitrary resolution, even up
to ×60+ higher resolution. Code is available1.

1. Introduction

Generative Adversarial Network (GAN) [18] is a power-
ful tool for image generation [2, 28, 42] and domain adapta-
tion [8, 24, 35, 64]. The big family of GAN can be roughly
divided into two parts, i.e., the unconditional GANs [30, 31]
and conditional GANs (cGANs) [26, 41, 6, 67, 72, 69, 36],
differing from each other in whether condition information
is used for image generation. In practice, class-conditional
GANs often suffer severe collapse when the number of cat-
egories is large. As shown in Fig. 1, all of BigGAN [6],
Multi-hinge GAN [32], and AC-GAN [44] achieve high In-
ception scores, but the curves drop dramatically at some
point of training. This makes the training unstable and thus

*Corresponding author: Bingbing Ni.
1https://github.com/PeterouZh/Omni-GAN-PyTorch
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Figure 1: (a) The trend of Inception scores along the train-
ing procedure on CIFAR100, showing that Omni-GAN en-
joys both high performance and a lower risk of mode col-
lapse. (b) The tradeoff curves using the truncation trick to
generate 128×128 images on ImageNet, where Omni-GAN
and Omni-INR-GAN outperform BigGAN.

early termination trick is used by the community [6].
It has been noticed [29] that the instability of the train-

ing procedure is highly related to the discriminator, i.e., the
module that outputs a value indicating the reality of the
generated image. The existing cGAN discriminators are
roughly categorized into two types, namely, the projection-
based [43, 6] and classification-based [44, 32] ones, accord-
ing to whether the discriminator is required to output an ex-
plicit class label for each image. We find that, although the
former choice (i.e., a projection-based, with a weaker, im-
plicit discriminator) is inferior to the latter in terms of the
Inception score, the latter is prone to collapse (e.g., in Fig. 1,
Multi-hinge GAN achieves a high Inception score but col-
lapses earlier).

This paper investigates the reason behind this phe-
nomenon. We formulate the classification-based and
projection-based discriminator into a multi-label classifica-
tion framework, which offers us an opportunity to observe
the advantages and disadvantages of them. As a result, we
find that combining strong supervision (classification loss)
and moderate regularization (to prevent it from quickly
memorizing the training image set) is the best choice, where
the GAN model enjoys high quality in image generation
yet has a low risk of mode collapse. In practice, we use
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Figure 2: Different discriminator models for training a cGAN. Omni-loss supports to implement a classification-based cGAN
or a projection-based cGAN, enabling us to fairly and intuitively explore the secrets behind them. Please refer to the texts in
Sec. 2.1 and Sec. 3.1 for details.

weight decay as the choice of regularization, and our al-
gorithm, named Omni-GAN, is easily implemented in any
deep learning framework (adding a few lines of code be-
yond BigGAN). To show that our discovery generalizes to
a wide range of cGAN models, we further integrate implicit
neural representation (INR) [46, 40, 11], an off-the-shelf
encoding method, into Omni-GAN. This not only improves
the generation quality of Omni-GAN, but also enables it to
generate images of any aspect ratio and any resolution, fa-
cilitating its application to downstream tasks.

We validate the advantages of our approach with ex-
tensive experiments on image generation and restoration.
The image generation task is performed on CIFAR10, CI-
FAR100 [33], and ImageNet [14], three popular datasets.
Omni-GAN surpasses the baselines in terms of the Fréchet
Inception distance [21] and Inception score [54]. In par-
ticular, in generating 128 × 128 and 256 × 256 images on
ImageNet, Omni-GAN achieves surprising Inception scores
of 262.85 and 343.22, respectively, both of which surpass-
ing the previous records by more than 100 points. The im-
age restoration part involves colorization and single image
super-resolution, where Omni-INR-GAN is more flexible
than BigGAN and significantly outperforms other restora-
tion methods like DIP [65] and LIIF [10], arguably because
the prior learned by the generator is stronger.

We highlight the contributions of this paper as follows:

• The core discovery is that combining strong supervi-
sion and moderate regularization is the key to cGAN
optimization. We achieve this goal easily with the pro-
posed Omni-GAN framework.

• We integrate Omni-GAN into a recently published en-
coding named INR to validate its generalized ability
and extend its range of applications.

• Omni-GAN achieves the state-of-the-art on the task of
image generation on ImageNet, surpassing the prior
best results by significant margins. It also requires
fewer computational costs to gain the ability of high-
quality image generation.

We will release the code to the public. We hope that our dis-
covery can inspire the community in studying the principle
of generative models and designing powerful algorithms.

2. Preliminaries
2.1. Class-conditional GANs

Conditional GAN (cGAN) [41] adds conditional infor-
mation to the generator and discriminator of GANs [26, 25,
1, 2, 39, 52, 21, 27, 4, 55, 63, 12, 17, 37, 50, 9, 57]. There
are some ways to incorporate class information into the gen-
erator, such as CBN [13], CIN [16, 22], CMConv [74], etc.
There are also many ways to add class information to the
discriminator. A simple way is to directly concatenate the
class information with the input or features from some mid-
dle layers [15, 51, 68, 49, 53]. Next, we expound on several
slightly complicated methods.
AC-GAN Auxiliary classifier GAN (AC-GAN) [44] uses
an auxiliary classifier to enhance the standard GAN model
(see Fig. 2a). In particular, the objective function consists of
tow parts: the GAN loss, LGAN, and the classification loss,
Lcls:

LGAN =E [logP (g = real | xreal)] +

E [logP (g = fake | xfake)] ,
(1)

Lcls = E [logP (g = c | xreal)] + E [logP (g = c | xfake)] ,
(2)

where g denotes the label of x. xreal and xfake represent a
real image and a generated image respectively. The discrim-
inator D of AC-GAN is trained to maximize LGAN + Lcls,
and the generator is trained to maximize Lcls − LGAN. We
will show that the discriminator loss of AC-GAN is not op-
timal (see Sec. 3.3).
Projection Discriminator Projection discriminator [43]
incorporates class information into the discriminator of
GANs in a projection-based way (see Fig. 2b). The mathe-
matical form of the projection discriminator is given by

D(x,y) = yTV f1 (x; θ1) + f2 (f1 (x; θ1) ; θ2) , (3)
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where x and y denote the input image and one-hot la-
bel vector respectively. V is a class embedding matrix,
f1 (·; θ1) is a vector function, and f2 (·; θ2) is a scalar func-
tion. V , θ1, θ2 are learned parameters of D. The discrimi-
nator D only outputs a scalar for each pair of x and y.
Multi-hinge GAN Multi-hinge GAN [32] belongs to
classification-based cGANs. It uses a C + 1 dimensional
classifier as the discriminator, which is trained by a multi-
class hinge loss (see Fig. 2c). Let the classifier be S :
X → RC+1, the input image be x, and the class label be
y ∈ {0, 1, . . . , C−1}. We use s = S(x) to denote the score
vector of input image x. The C-th element of s, sC(·), in-
dicates the score corresponding to the fake (with indexing
starting at 0). The discriminator loss is given by

LD = E(x,y)∼pd
[max (0, 1− sy(x) + s¬y(x))]

+ Ez∼pz,y∼pd
[max (0, 1− sC(G(z, y)) + s¬C (G(z, y)))] ,

(4)
where sy(x) denotes the element y of vector s, and
s¬y(x) = maxk ̸=y sk(x), k ∈ {0, 1, . . . , C}\{y}, repre-
sents the highest score except sy(x).

2.2. Implicit Neural Representation

Images are usually represented by a set of pixels with
fixed resolution. A popular method named implicit neural
representation (INR) is prevalent in the 3D field [46, 40,
11, 3, 19, 7, 48, 23]. Recently, people introduced the INR
method to 2D images [10, 59, 58, 5, 60]. The INR of an im-
age directly maps (x, y) coordinates to image’s RGB pixel
values. Since the coordinates are continuous, once we get
the INR of an image, we can get images of arbitrary resolu-
tions by sampling different numbers of coordinates.

2.3. Unified Loss for Feature Learning

There is a unified perspective for classification tasks. We
denote the positive score set as Spos = {s(p)1 , · · · , s(p)K }, and
negative score set as Sneg = {s(n)1 , · · · , s(n)L }, respectively.
Sun et al. [62] proposed a unified loss to maximize s(p) as
well as to minimize s(n). The loss is defined as

Luni = log

1 + ∑
s
(n)
i ∈Sneg

∑
s
(p)
j ∈Spos

e

(
γ
(
s
(n)
i −s

(p)
j +m

))
= log

1 + ∑
s
(n)
i ∈Sneg

e

(
γ
(
s
(n)
i +m

)) ∑
s
(p)
j ∈Spos

e

(
γ
(
−s

(p)
j

)) ,

(5)
where γ stands for a scale factor, and m for a margin be-
tween positive and negative scores. Eq. (5) can be converted
into triplet loss [56] or softmax with the cross-entropy
loss [62].

3. Omni-GAN
3.1. Omni-GAN and One-sided Omni-GAN

We commence from defining the omni-loss. Based on
this loss, we design two versions of cGANs: Omni-GAN,
being a classification-based cGAN, and one-sided Omni-
GAN, being a projection-based cGAN. These two cGANs
enable us to fairly and intuitively explore the secrets behind
classification-based cGANs and projection-based cGANs.

Let x and y denote an image and its multi-label vector
respectively. S is a classifier. Suppose that there are K
positive labels and L negative labels. Then s = S(x) is a
K + L dimensional score vector. The omni-loss is defined
as

Lomni (x,y) = log

1 +
∑
i∈Ineg

esi(x)

+ log

1 +
∑
j∈Ipos

e−sj(x)

 ,

(6)
where Ineg is a set consisting of indexes of negative scores
(i.e., |Ineg| = L), and Ipos consists of indexes of positive
scores (i.e., |Ipos| = K). sk(x) represents the element k
of vector s. [61] shows that Eq. (6) is a special case of
Eq. (5). We provide a detailed derivation from Eq. (5) to
Eq. (6) in Appendix A. Next, we introduce two versions of
Omni-GAN by setting different labels for the omni-loss.
• The classification-based Omni-GAN.

We first elucidate the loss of the discriminator for Omni-
GAN. The discriminator loss consists of two parts, one for
xreal (drawn from the training data), and the other for xfake
(drawn from the generator). For xreal, its multi-label vector
is given by

yreal = [−1, . . . , 1gt, . . . ,−1︸ ︷︷ ︸
C

, 1real,−1︸ ︷︷ ︸
2

], (7)

whose dimension is C + 2, with C being the number of
classes of the training dataset. 1gt is 1 if its index in the
vector is equal to the ground truth label of xreal, otherwise
−1. We use 1 to denote the corresponding score belongs to
the positive set, and −1 to the negative set. The multi-label
vector of xfake is also a C + 2 dimensional vector:

yfake = [−1, . . . ,−1, . . . ,−1︸ ︷︷ ︸
C

,−1, 1fake︸ ︷︷ ︸
2

], (8)

where only the last element is 1.
According to Eq. (6), (7), and (8), we define the discrim-

inator loss as

LD =Exreal∼pd [Lomni (xreal,yreal)]

+ Exfake∼pg [Lomni (xfake,yfake)] ,
(9)

where pd is the training data distribution, and pg is the gen-
erated data distribution. It is obvious that the discriminator
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D actually acts as a multi-label classifier, which takes as
input x, and outputs a score vector s = D(x).

The generator attempts to fool the discriminator into be-
lieving its samples are real. To this end, its multi-label is set
to be

y
(G)
fake = [−1, . . . , 1G, . . . ,−1︸ ︷︷ ︸

C

, 1real,−1︸ ︷︷ ︸
2

], (10)

which is the same as yreal defined in Eq. (7). 1G is 1 if
its index in the vector is equal to the label adopted by the
generator to generate xfake, otherwise −1. The generator
loss is then given by

LG = Exfake∼pg

[
Lomni

(
xfake,y

(G)
fake

)]
. (11)

• The projection-based (one-sided) Omni-GAN.
We imitate the way how the projection-based discrimi-

nator [43] utilizes class labels (see Eq. (3)), and design a
projection-based variant of Omni-GAN, named one-sided
Omni-GAN, which does not fully utilize the class supervi-
sion.

It is easy to implement one-sided Omni-GAN: only
slightly modify the multi-label vector, y. Following the set-
ting above, the multi-label vector for xreal is set to be

yreal = [0, . . . , 1gt, . . . , 0︸ ︷︷ ︸
C

, 1, 0︸︷︷︸
2

], (12)

where 1gt is 1 if its index in the vector is equal to the ground
truth label of xreal, otherwise 0. And 0 means that the corre-
sponding score will be ignored when calculating the omni-
loss. The multi-label vector for xfake is given by

yfake = [0, . . . ,−1G, . . . , 0︸ ︷︷ ︸
C

,−1, 0︸ ︷︷ ︸
2

], (13)

where −1G is −1 if its index in the vector is equal to the la-
bel adopted by the generator to generate xfake, otherwise 0.
The discriminator loss is the same as that defined in Eq. (9).

For generator, its multi-label vector for xfake is

y
(G)
fake = [0, . . . , 1G, . . . , 0︸ ︷︷ ︸

C

, 1, 0︸︷︷︸
2

], (14)

where 1G is 1 if its index in the vector is equal to the label
adopted by the generator to generate xfake, otherwise 0. The
generator loss is the same as that defined in Eq. (11).

In summary, we introduce two versions of Omni-GAN
by setting different multi-label vector for the omni-loss (de-
fined in Eq. (6)). It is easy to implement these two GANs in
practice: as shown in Fig. 2d, first, let the discriminator out-
put a vector instead of a scalar; second, apply the omni-loss
to the output vector.
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Figure 3: IS on CIFAR100. “wd” stands for weight de-
cay. The combination of strong supervision and weight de-
cay is crucial. Weight decay effectively alleviates the col-
lapse problem of strongly supervised cGANs (Omni-GAN)
so that the cGANs enjoy superior performance from strong
supervision. On the other hand, weight decay may slightly
impair the performance of weakly supervised cGANs (e.g.,
projection-based BigGAN, one-sided Omni-GAN).

3.2. The Devil Lies in Combination of Strong Su-
pervision and Moderate Regularization

We conducted control experiments on CIFAR100 [33],
and compared Omni-GAN and one-sided Omni-GAN with
a projection-based cGAN, namely BigGAN [6]. As shown
in Fig. 3, One-sided Omni-GAN is on par with BigGAN
in terms of IS, indicating that one-sided Omni-GAN is in-
deed a projection-based cGAN. We can see from Eq. (12),
(13) and (14) that one-sided Omni-GAN does not make full
use of the class label’s supervision. Those elements with
label 0 in the output vector of the discriminator are ignored
(i.e., they are not used to calculate the omni-loss, meaning
these elements will not get gradients when backpropaga-
tion). Therefore, we think that the projection-based cGAN
is an implicit and weaker cGAN in the sense that it does not
make full use of the supervision of the class label.

On the other hand, as a classification-based cGAN,
Omni-GAN makes full use of class supervision (strong su-
pervision). However, it suffers a severe collapse in the
initial stages of training. As shown in Fig. 3, the IS of
Omni-GAN shows a significant upward compared to the
projection-based cGAN but drops dramatically when about
1M real images (20 epoch) are shown to the discriminator.

Our core discovery is that a moderate regularization ef-
fectively prevents the early collapse of classification-based
cGANs. In practice, we use weight decay [34] as the choice
of regularization. We call weight decay moderate regular-
ization in that it does not introduce considerable compu-
tational overhead as other regularizations do, such as gra-
dient penalty [20, 38, 66]. Therefore, Omni-GAN can be
trained efficiently on large-scale datasets such as ImageNet.
As shown in Fig. 3, combined with weight decay, Omni-
GAN has greatly improved its IS compared to BigGAN.
Moreover, we observe the projection-based cGAN, Big-
GAN, also collapses after long training. Weight decay is
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also effective for alleviating the collapse of BigGAN.
Note that we are not the first to use weight decay in

GANs. [73] applys weight decay to unconditional GANs.
However, our main contribution is to emphasize that the
combination of strong supervision and weight decay is
the key to cGANs. In fact, combining weight decay
with weakly supervised cGANs even hurts performance.
As shown in Fig. 3, both projection-based BigGAN and
one-sided Omni-GAN suffer performance degradation after
combined with weight decay.

In summary, we claim that the combination of strong su-
pervision and weight decay is critical for cGANs. Strong
supervision helps boost the performance of cGANs but
causes severe early collapse. Weight decay effectively al-
leviates early collapse, so that cGANs can fully enjoy the
benefits of strong supervision.

3.3. Comparison to Previous Approaches

We study another well-known classification-based
cGAN, AC-GAN [44], and show its results in Fig. 4. AC-
GAN also suffers severe early collapse like Omni-GAN
does. One possible explanation for the early collapse of
classification-based cGANs is that the discriminator over-
fits the training data [29]. Therefore, we study whether
data augmentation is effective to alleviate the early collapse.
As shown in Fig. 4, AC-GAN combined with differentiable
data augmentation (DiffAug) [70]2 still cannot avoid early
collapse. However, weight decay is still very effective in
alleviating the early collapse of AC-GAN.

We emphasize that weight decay prevents overfitting of
the discriminator at the model level, and data augmentation
does at the data level. We will show in experiments that
both methods are effective for improving the performance
of cGANs. However, we empirically find that weight decay
is almost 100% effective in preventing the early collapse of
classification-based cGANs, but data augmentation is not
always effective.

Next, we investigate whether spectral normalization
(SN) [42] and gradient penalty [20, 38, 66] will alleviate
early collapse. Because the network architectures of the
generator and discriminator we used in our experiments em-
ploy SN by default, Omni-GAN and AC-GAN still suffer
severe early collapse, indicating that SN cannot alleviate the
collapse problem of classification-based cGANs. In addi-
tion, we have empirically found that gradient penalty cannot
help classification-based cGANs avoid early collapse (refer
to Appendix B for experimental results).

Finally, by comparing AC-GAN and Omni-GAN’s loss
functions, we found that the original AC-GAN still has
room for improvement. Due to space limitations, we put
the details in Appendix C. We name the improved AC-GAN

2We did not choose ADA augmentation because ADA needs to design
different overfitting heuristics for different losses.
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Figure 4: AC-GAN suffers a severe collapse in the initial
stage of training. “wd” stands for weight decay, DiffAug
for differentiable data augmentation. Weight decay effec-
tively alleviates early collapse, but data augmentation does
not. ImAC-GAN means an improved version of AC-GAN.
Please refer to Sec. 3.3 for details.

(a) Grayscale image (b) Restored image
(DGP w/ BigGAN)

(c) Restored image
(DGP w/ Omni-INR-GAN)

(d) Ground truth

Figure 5: Colorization. (a) degraded input. (b) and (c) GAN
inversion-based colorization algorithms. BigGAN only col-
orizes a square image patch. Omni-INR-GAN directly col-
orizes the entire image.

ImAC-GAN. As shown in Fig. 4, the performance of ImAC-
GAN is significantly better than that of AC-GAN, and is
comparable to that of Omni-GAN (refer to Sec. 4.1).

To sum up, our results reveals that fully utilizing the su-
pervision can improve performance of cGANs, but at the
risk of early collapse. This work offers a practical way
(weight decay) to overcome the collapse issue, so that the
trained model enjoys both superior performance and safe
optimization.

3.4. Omni-INR-GAN: Being Friendly to Down-
stream Tasks

Omni-GAN is easily implemented and freely integrated
with off-the-shelf encoding methods. We derive Omni-
INR-GAN by integrating implicit neural representation
(INR) [46, 40, 11] into Omni-GAN. Omni-INR-GAN em-
ploys INR to enhance the generator’s output layer. Due to
limited space, we detail technical details in Appendix D.

Omni-INR-GAN has the ability to output images with
any aspect ratio and resolution. Thus it is friendly to down-
stream tasks like image restoration. Fig. 5 shows an exam-
ple of combining Omni-INR-GAN with DGP [45] for col-
orization. As shown in Fig. 5 (b), the DGP with BigGAN
model only colorize a square patch in the original image.
This is because BigGAN only generates fixed-size images,
which is inflexible for downstream tasks. On the other hand,
Omni-INR-GAN is able to generate images with any aspect
ratio and any resolution easily so as to directly handle the
entire degraded image. Because the generator has seen con-
siderable numbers of natural images, it owns a wealth of
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No. Method CIFAR10 CIFAR100
FID ↓ IS ↑ Collapse? FID ↓ IS ↑ Collapse?

- FQ-GAN [71] 6.16 9.16 No 8.23 10.62 No
- Multi-hinge [32] 6.22 9.55 No 14.62 13.35 Yes
- ADA [29] 2.67† 10.06† - - - -

0 BigGAN, wd [6] 7.27 9.19 Yes 10.12 10.96 Yes
1 BigGAN, wd 7.77 9.29 No 13.73 9.98 No
2 BigGAN, DiffAug, wd 5.46 9.28 No 8.63 10.69 No
3 BigGAN, DiffAug, wd 7.97 9.61 No 13.97 9.79 No

4 AC-GAN, wd [44] 7.11 9.43 Yes 34.19 9.31 Yes
5 AC-GAN, wd 8.03 9.58 No 16.41 9.74 No
6 AC-GAN, DiffAug, wd 5.71 9.76 No 38.01 9.19 Yes
7 AC-GAN, DiffAug, wd 8.98 9.75 No 14.91 11.01 No

8 ImAC-GAN, wd 6.62 9.46 Yes 25.64 11.34 Yes
9 ImAC-GAN, wd 5.63 9.72 No 8.11 13.38 No
10 ImAC-GAN, DiffAug, wd 4.57 9.85 No 33.30 11.78 Yes
11 ImAC-GAN, DiffAug, wd 6.66 10.02 No 8.45 14.54 No

12 Omni-GAN, wd 7.75 9.74 Yes 26.51 11.45 Yes
13 Omni-GAN, wd 5.57 9.79 No 8.41 13.30 No
14 Omni-GAN, DiffAug, wd 7.13 9.86 No 39.90 10.66 Yes
15 Omni-GAN, DiffAug, wd 7.83 10.37 No 11.39 15.37 No

16 Omni-INR-GAN, wd 8.59 9.74 Yes 53.29 9.05 Yes
17 Omni-INR-GAN, wd 5.25 9.74 No 7.63 13.90 No
18 Omni-INR-GAN, DiffAug, wd 75.75 5.80 Yes 53.88 11.06 Yes
19 Omni-INR-GAN, DiffAug, wd 4.32 10.03 No 6.70 14.15 No

Table 1: FID and IS on CIFAR10 and CIFAR100. † in-
dicates quoted from the paper. “wd” stands for applying
weight decay, and “wd” for not applying weight decay. Dif-
fAug means differentiable data augmentation. FID and IS
are computed using 50K training and 50K generated im-
ages with the TensorFlow-based pre-trained Inception-V3
model. Please refer to Sec. 4.1 for detailed analysis.

prior knowledge. As shown in Fig. 5 (c), utilizing the gen-
erator prior helps get a plausible color image.

4. Experiments
4.1. Evaluation on CIFAR

We compare a projection-based cGAN, BigGAN, and
several classification-based cGANs, including AC-GAN,
ImAC-GAN, Omni-GAN, and Omni-INR-GAN. We also
study the effects of data augmentation and weight decay on
these methods. Results are summarized in Table 1.

First, let us focus on the projection-based cGAN, Big-
GAN. We found that data augmentation helps improve the
performance of BigGAN, but weight decay cannot, even be-
ing harmful. This is reasonable because BigGAN belongs
to projection-based cGANs, whose discriminator is essen-
tially a weak implicit classifier. Weight decay constrains
the fitting ability of the discriminator (i.e., a weak network).
Moreover, the supervision for the discriminator is too weak
(i.e., a weak supervision). As such, the performance is nat-
urally not good.

Next, we compare AC-GAN and ImAC-GAN, which
belong to classification-based cGANs. ImAC-GAN has a
clear and consistent improvement over AC-GAN in all ex-
periments. This improvement is achieved by slightly mod-
ifying the loss function of AC-GAN to be consistent with
Omni-GAN (refer to Appendix C for technical details).

Third, ImAC-GAN and Omni-GAN are both superior
classification-based cGANs, and their performance is com-

parable. ImAC-GAN uses cross-entropy as the classifi-
cation loss, so it only supports single-label classification.
However, the omni-loss used by Omni-GAN naturally sup-
ports multi-label classification. Therefore when the image
owns multiple positive labels, Omni-GAN is more flexi-
ble than ImAC-GAN. We give an example of using Omni-
GAN to generate images with multiple positive labels in
Appendix E.

We find that training collapse is more likely to appear
on CIFAR100 that owns more classes. For example, all
classification-based cGANs, including AC-GAN, ImAC-
GAN, Omni-GAN, and Omni-INR-GAN, collapsed on CI-
FAR100 (shown in Table 1, No. #4, #8, #12, #16). Even if
equipped with data augmentation, they still collapsed (No.
#6, #10, #14, #18). However, weight decay effectively
alleviates the training collapse of these methods. On CI-
FAR10, data augmentation can alleviate the collapse issue
of classification-based cGANs (No. #6, #10, #14). We think
a possible reason is that CIFAR10 has a relatively small
number of categories, and each category has 5, 000 train-
ing images. Combining with data augmentation can effec-
tively prevent the discriminator from overfitting the training
data. An anomaly is that data augmentation cannot pre-
vent the collapse of Omni-INR-GAN on CIFAR10 (#18).
We found in our experiments that data augmentation seems
to be somewhat exclusive with Omni-INR-GAN. We guess
that one possible reason is that some random shift opera-
tions in data augmentation destroy some prior information
to be learned by Omni-INR-GAN from the coordinates.

Last but not least, we have tried to combine Omni-
GAN with the network architecture of StyleGAN2 [31], but
failed. StyleGAN2 employs some technologies like equal-
ized learning rate [28] (explicitly scales the weights at run-
time) during the training process. We found that these tech-
niques seem to conflict with weight decay, which is the
key for classification-based cGANs to avoid early collapse.
Combining strong classification loss with StyleGANs while
avoiding early collapse needs further exploration.

4.2. Evaluation on ImageNet

ImageNet [14] is a large dataset with 1000 number of
classes and approximate 1.2M training data. We trained
BigGAN3, Omni-GAN, and Omni-INR-GAN on ImageNet
128×128 and 256×256, respectively. The results are shown
in Table 2, and the convergence curves are shown in Fig. 6
(please refer to Appendix G for more results).

As shown in Table 2 and Fig. 6, Omni-GAN shows sig-
nificant advantages over BigGAN, both in terms of conver-
gence speed and final performance. For example, Omni-
GAN only took one day to reach the IS of BigGAN trained
for 14 days on ImageNet 128×128. Besides, its IS is almost
twice that of BigGAN, namely 190.94 vs. 104.57.

3https://github.com/ajbrock/BigGAN-PyTorch.
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Method ImageNet 128× 128 ImageNet 256× 256
FID (train) ↓ FID (val) ↓ IS ↑ G Params FID (train) ↓ FID (val) ↓ IS ↑ G Params

CR-BigGAN† [69] 6.66 - - - - - - -
S3GAN† [36] 7.70 - 83.10 - - - - -
BigGAN‡ [6] 9.77 9.96 93.09 70.43M - - - -

BigGAN⋆ 9.19 9.18 104.57 70.43M 9.95 9.88 187.60 82.10M
Omni-GAN 8.30(0.89 ↓) 8.93(0.25 ↓) 190.94(86.37 ↑) 70.43M 6.03(3.92 ↓) 6.83(3.05 ↓) 304.05(116.45 ↑) 82.10M
Omni-INR-GAN 6.53(2.66 ↓) 7.99(1.19 ↓) 262.85(158.28 ↑) 70.52M 4.93(5.02 ↓) 6.36(3.52 ↓) 343.22(155.62 ↑) 82.19M

Table 2: FID and IS on ImageNet dataset. Omni-GAN achieves consistent improvements in terms of FID and IS compared
to BigGAN. Omni-INR-GAN improves the IS to 2.5 times compared with BigGAN on ImageNet 128 × 128, with almost
the same number of parameters. † stands for quoting from the paper, ‡ for using the model provided by the author, and ⋆
for reproducing BigGAN by us. FID and IS are computed using 50K generated images. The training and validation data are
utilized as the reference distribution for the computing of FID, respectively.
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Figure 6: Convergence curves on ImgeNet. Both
Omni-GAN and Omni-INR-GAN converge faster than the
projection-based cGAN, BigGAN. In particular, Omni-
GAN only took one day to reach the IS of BigGAN trained
for 14 days. Omni-INR-GAN consistently outperforms
BigGAN and Omni-GAN. Its IS is 2.5 times higher than
that of BigGAN (namely 262.85 vs. 104.57).

Omni-INR-GAN consistently outperforms BigGAN and
Omni-GAN. As shown in Table 2, on ImageNet 128× 128,
the IS of Omni-INR-GAN is 2.5 times that of BigGAN. We
also show the number of parameters of the generator in Ta-
ble 2. The number of parameters of Omni-INR-GAN is on
par with that of BigGAN and Omni-GAN, indicating that
the improvement does not lie in the number of parameters.
We think the possible reason is that Omni-INR-GAN intro-
duces coordinates as input, which helps the generator learn
some prior knowledge of the natural images (for example,
the sky often appears in the upper part of an image, and the
grass often appears in the lower part on the contrary).

In summary, the significant improvement of Omni-GAN
lies in the combination of strong supervision and weight
decay. Strong supervision helps boost the performance of
cGANs, but it causes the training to collapse earlier. Weight
decay effectively alleviates the collapse problem, so that
cGANs fully enjoy the benefits from strong supervision.

4.3. Application to Image-to-Image Translation

We improve the mIoU of SPADE [47] from 62.21 to
65.07 by only using Omni-GAN loss and weight decay

BigGAN Omni-GAN Omni-INR-GAN

PSNR↑ 25.68 26.35 29.36
SSIM↑ 85.17% 89.36% 92.74%

Table 3: Image reconstruction results using pre-trained
GAN models. High performance shows the potential to be
applied to downstream tasks.

for the discriminator (please refer to Appendix H for de-
tails). We believe that the improvement comes from the
improved ability of the discriminator in distinguishing dif-
ferent classes, so that the generator receives better guidance
and thus produces images with richer semantic information.

4.4. Application to Downstream Tasks

Colorization. Fig. 7 shows an example of using the pre-
trained BigGAN and Omni-INR-GAN to colorize images,
respectively. See Appendix I for technical details. Omni-
INR-GAN directly colorizes the entire image because it has
the ability to output images of any resolution. However,
BigGAN cannot do this. Another interesting phenomenon
is that Omni-INR-GAN gradually overlays colors on the
corresponding objects, indicating that the finetuning pro-
cess is mining GAN’s prior information.
Prior Enhanced Super-Resolution Fig. 8 shows an ex-
ample of using pre-trained Omni-INR-GAN for super-
resolution. We deliver two messages. First, Omni-INR-
GAN can extrapolate low-resolution images to any resolu-
tion. Fig. 8 (f) shows the results with upsampling scales of
×1, ×4.6, and even ×63.5. Second, Omni-INR-GAN has
a wealth of prior knowledge, which helps complement the
missing semantics of the input. For example, for the ex-
tremely low-resolution zebra image shown in Fig. 8 (b), the
image details are severely missing. In this case, although
LIIF [10] has the ability to up-sample images at any scale,
it cannot fill in the missing stripes of the zebra, as shown in
Fig. 8 (c).

In Fig. 8 (d), DIP [65] also fails. DIP only leverages the
input image and the structure of a ConvNet as the image
prior. It cannot work when the input image’s resolution is
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Grayscale image −→ Finetuning iterations −→ Restored image Ground truth

Figure 7: Colorization example. Top: DGP with BigGAN. Bottom: DGP with Omni-INR-GAN. BigGAN only colorizes a
square image patch. Omni-INR-GAN directly colorizes the entire image. Omni-INR-GAN gradually overlays colors on the
corresponding objects, indicating that the finetuning process is mining GAN’s prior information.

Size (256× 384) Size (32× 48) ×1 (32× 48) ×4.6 (147× 220) ×63.5 (2032× 3048)
(a) Ground truth (b) Input (c) LIIF

×8 (256× 384) ×8 (256× 256) ×1 (32× 48) ×4.6 (147× 220) ×63.5 (2032× 3048)
(d) DIP (e) DGP w/ BigGAN (f) DGP w/ Omni-INR-GAN (ours)

Figure 8: Super-resolution using Omni-INR-GAN’s prior, at any scale (×1-×60+). (b) input image with low resolution.
(c) LIIF [10] can extrapolate the input image to any scale, but it cannot add semantic details, so the result is still blurred.
(d) DIP [65] also failed because the input image resolution is too low. (e) DGP [45] with BigGAN must crop the input and
upsamples the cropped patch to a fixed size, which is inflexible. (f) Omni-INR-GAN has the ability to upsample the input
image to any scale and also adds rich semantic details (clearer foreground and background compared to other methods).
Please see the video demo in the supplementary material.

too low. DGP [45] with BigGAN can only handle fixed-
size images, limiting its practical application (Fig. 8 (e)).
However, DGP with Omni-INR-GAN can super-resolve the
entire image and extrapolate the input at any scale. In Fig. 8
(f), by mining Omni-INR-GAN’s prior, the missing zebra
stripes are complemented, and a clear foreground and back-
ground are obtained. Even the shadow of the zebra is clearly
visible.

In Table 3, we quantitatively compare different pre-
trained GAN models for image reconstruction. Please re-
fer to Appendix I for details. Omni-INR-GAN outperforms
BigGAN and Omni-GAN by a large margin, showing its
potential for downstream tasks.

5. Conclusion
This paper presents an elegant and practical solution to

training effective conditional GAN models. The key dis-

covery is that strong supervision can largely improve the
upper-bound of image generation quality, but it also makes
the model collapse earlier. We design the Omni-GAN al-
gorithm that equips the classification-based loss with regu-
larization (in particular, weight decay) to alleviate collapse.
Our algorithm achieves notable performance gain in various
scenarios including image generation and restoration. Our
research implies that there may be more ‘secrets’ in opti-
mizing cGAN models. We look forward to applying the
proposed algorithm and pre-trained models to more scenar-
ios and investigating further properties to improve cGAN.
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