
Sequential training of GANs against GAN-classifiers reveals correlated
“knowledge gaps” present among independently trained GAN instances

Arkanath Pathak Nicholas Dufour
Google Research

{arkanath,ndufour}@google.com

Abstract

Modern Generative Adversarial Networks (GANs) gen-
erate realistic images remarkably well. Previous work has
demonstrated the feasibility of “GAN-classifiers” that are
distinct from the co-trained discriminator, and operate on
images generated from a frozen GAN. That such classifiers
work at all affirms the existence of “knowledge gaps” (out-of-
distribution artifacts across samples) present in GAN train-
ing. We iteratively train GAN-classifiers and train GANs that

“fool” the classifiers (in an attempt to fill the knowledge gaps),
and examine the effect on GAN training dynamics, output
quality, and GAN-classifier generalization. We investigate
two settings, a small DCGAN architecture trained on low
dimensional images (MNIST), and StyleGAN2, a SOTA GAN
architecture trained on high dimensional images (FFHQ).
We find that the DCGAN is unable to effectively fool a held-
out GAN-classifier without compromising the output quality.
However, the StyleGAN2 can fool held-out classifiers with
no change in output quality, and this effect persists over
multiple rounds of GAN/classifier training which appears to
reveal an ordering over optima in the generator parameter
space. Finally, we study different classifier architectures and
show that the architecture of the GAN-classifier has a strong
influence on the set of its learned artifacts.

1. Introduction

GAN [8] architectures like StyleGAN2 [17] generate
high-resolution images that appear largely indistinguishable
from real images to the untrained eye [14, 18, 24]. While
there are many positive applications, the ability to generate
large amounts of realistic images is also a source of concern
given its potential application in scaled abuse and misin-
formation. In particular, GAN-generated human faces are
widely available (e.g., thispersondoesnotexist.com) and have
been used for creating fake identities on the internet [12].

Detection of GAN-generated images is an active research
area (see [9] for a survey of approaches), with some us-

ing custom methods and others using generic CNN-based
classifiers. Such classifiers are distinct from the discrimina-
tor networks that are trained alongside the generator in the
archetypal GAN setup. Given the adversarial nature of the
training loss for GANs, the existence of the GAN-classifiers
suggest consistent generator knowledge gaps (i.e., artifacts
present across samples that distinguish generated images
from those of the underlying distribution) left by discrimi-
nators during training. Specialized classifiers [31] are able
to detect images sampled from held-out GAN instances and
even from held-out GAN architectures. These generalization
capabilities imply that the knowledge gaps are consistent
not only across samples from a GAN generator but across
independent GAN generator instances.

In this work we modify the GAN training loss in order
to fool a GAN-classifier in addition to the co-trained dis-
criminator, and examine the effect on training dynamics and
output quality. We conduct multiple rounds of training in-
dependent pools (initialized differently) of GANs followed
by GAN-classifiers, and gain new insights into the GAN
optimization process. We investigate two different settings:
in the first setting, we choose the low-dimensional domain
of handwritten digits (MNIST [19]), using a small DCGAN
[25] architecture and a vanilla GAN-classifier architecture.
For the second setting, we choose a high-dimensional do-
main of human faces (FFHQ [16]) with StyleGAN2 (SG2)
as a SOTA GAN architecture, and three different GAN-
classifier architectures (ResNet-50 [10], Inception-v3 [28],
and MobileNetV2 [27]). Our findings in this paper are as
follows:

• Samples drawn from a GAN instance exhibit a space of
“artifacts” that are exploited by the classifiers, and this
space is strongly correlated with those of other GAN
generator instances. This effect is present in both the
DCGAN and SG2 settings.

• Upon introducing the need to fool held-out classifiers,
the DCGAN is unable to generate high quality outputs.

• In the high dimensional setting, however, SG2 gener-
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ators can easily fool held-out trained classifiers, and
move to a new artifact space. Strikingly, we find that
the artifact space is correlated among the new popula-
tion of generators as it was in the original population.
This correlation appears to persist in subsequent rounds
as new classifiers are introduced that are adapted to the
new artifact spaces.

• MobileNetV2 classifier instances in the SG2 setting
appear unable to learn all of the artifacts available for
them to exploit. Instead, MobileNetV2 instances form
clusters based on the subset of artifacts learned. We
hypothesize this being an effect of classifier capacity.

• An SG2 generator trained to reliably fool unseen classi-
fier instances from a given architecture is not guaran-
teed to fool classifiers from another architecture. There-
fore, the artifacts learned by a given classifier depends
strongly on the classifier’s architecture.

2. Related Work
Research into detection of GAN-generated media has

largely tracked the increasing prominence and output quality
of GANs themselves. Several studies [3, 4, 5, 9, 13, 21,
23, 30, 31] focus on detection of GAN-generated images
using CNNs, and their robustness to data augmentation at
test time. Of particular interest to us is [31], who train a
ResNet-50 classifier (pre-trained using ImageNet [26]) on
images generated using just one modern GAN architecture,
ProGAN [15]. They show that the classifier generalizes
to unseen GAN architectures, concluding that the task of
general GAN detection is fairly straightforward, at least in
the absence of image augmentations. Later studies dispute
this [6, 9], demonstrating that the test performance of the
classifier is decreased if GAN architectures used in training
predate those used during test.

Previous research [9, 31] train classifiers on samples from
multiple generators but train each generator on separate data
domains or datasets, meaning it is not possible to discern
the variation due to the generators themselves. We also
note these classifiers are not robust to perturbations and
can be fooled with specialized targeted attacks [1, 7], as is
characteristic of classifiers trained using neural networks
[29]. We consider this out of scope for this work relative to
the questions we seek to address.

[32] study GAN attribution, a related problem where the
architecture of the source generator for a given sample is
inferred. They show that multi-class classification works
well to distinguish different GANs, where the learned la-
tent embeddings and weights are used as the image and
GAN model fingerprints respectively. [22] attribute finger-
prints to distinguish different GAN model architectures and
datasets. These studies show that GAN-generated images
contain architecture- and instance-specific artifacts.

There is limited research on the behavior of GAN gen-
erators trained to fool such classifiers. [2] train a special-
ized patch-based classifier then finetune the GAN generator
to fool the classifier, which results in a significant drop in
the classifier’s accuracy. A second classifier trained using
images from the finetuned generator is able to recover in
accuracy. [33] study a related problem of automatically
eliminating generator artifacts, training a lightweight CNN
generator that adds minimal perturbations to GAN-generated
images, allowing them to fool even unseen classifiers. [20]
build another such “trace removal network” which learns
to remove several types of traces left in various types of
“DeepFakes.” For our study, we are principally interested
in the consistency of these artifacts across GAN generators
and how the GAN generators adjust themselves when their
training loss is modified to include a classifier, to better study
the space of artifacts present in GAN-generated images.

To our knowledge, there has not been any work evaluating
the effect of classifier model architecture and capacity on the
learned artifacts, which we have also studied in this paper.

3. Approach
We study the phenomena outlined in the introduction by

creating and measuring the performance of classifiers trained
to detect images sampled from unseen generators and subse-
quently training new generators to fool them, in sequential
rounds, forming a chain of generators and classifiers. We do
this in one of two settings, first with low dimensional images
(MNIST), a simplistic DCGAN, and a basic classifier archi-
tecture. In the second setting, we use higher dimensional
images (FFHQ), and perform experiments using the unmod-
ified StyleGAN2 (SG2) architecture. Seeking to minimize
sources of variance as much as possible, we limit to a single
GAN architecture and a fixed dataset in both settings. We
also do not use the “truncation” trick [16], a sample-time
heuristic commonly used with the SG2 architecture to im-
prove the output visual quality at the expense of diversity
(see Supplement Sec. 2 for more discussion on this). In the
SG2 setting, we test three different widely-used classifier
architectures: ResNet-50, Inception-v3, and MobileNetV2.
These architectures were chosen for their architectural diver-
sity. All classifiers and generators are trained from scratch,
without any pre-training. Supplement Sec. 1 provides details
about the model architectures and training parameters.

3.1. A note on terminology

Because our procedure involves both GANs and classi-
fiers, there is potential ambiguity in terminology as GANs
themselves are trained with a subnetwork designed to dis-
tinguish generated images from natural images, which is
commonly called the “discriminator”, “adversarial network”,
or “critic”, among others. To keep the text clear, we will
refer to subnetworks co-trained with a generator which to-
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gether comprise a GAN as “discriminators”, denoted D.
The networks trained on samples from multiple, indepen-
dently trained generators are referred to as “classifiers”, C.
Each sequential round of training a pool of GANs followed
by training classifiers is an “iteration” (detailed in Sec. 3.2,
and Figs. 1 and 2) and is indexed with a superscript. It-
erations are distinct from training steps: during a single
iteration, GANs are fully trained, then classifiers are fully
trained using those GAN generators. Broadly speaking an
“artifact” is any property of a generated image that distin-
guishes it from a real image. By “knowledge gaps”, we are
referring to a specific class of artfacts that reliably occur
across samples from a generator. Since this class of artifacts
is the only one studied in this work, we use artifact and
knowledge gap interchangeably.

3.2. Overview of setup and iterations

(a) Stage 1 at iteration 0: GAN training with standard loss function

(b) Stage 2 at iteration i: Classifier training

Figure 1. Experimental setup & training classifiers. Generators
G are green, co-trained discriminators D are blue and classifiers
C trained using multiple, frozen generators are purple. Dashed
borders indicate that the subnetwork is not being updated during
this stage of the iteration. (a) Generators trained in iteration 0
are trained in the typical way. (b) Classifiers are trained in the
second stage of all iterations, on samples drawn from subsets of the
generators trained in the first stage.

Our experiments consist of sequential rounds (“itera-
tions”), each with two stages: first, a pool of GAN generators
initialized randomly is trained, then classifiers are trained
to detect samples from the generators trained in the first

stage. In the first stage of the first iteration (i = 0), a number
of GANs (DCGAN in the first setting, SG2 in the second
setting) are trained independently on the training images
(MNIST in the first setting, FFHQ in the second setting),
as shown in Fig. 1a. This setup is modified slightly in later
iterations (see Fig. 2) as detailed below. Classifier training
follows in the second stage (Fig. 1b) as a standard classi-
fication task where each classifier is trained on a balanced
dataset of real images and images sampled from a subset
of generators trained in the first stage. The second stage is
the same in every iteration, always sampling images from
generators trained in the first stage of the iteration. The
first stage of subsequent iterations (i > 0) proceeds like the
first stage of the first iteration but with a modified gener-
ator loss function: generators are trained to fool not only
the discriminator they are co-trained with, but also frozen
classifiers from preceding iterations. To do this we modify
the “classical” GAN generator loss function L:

(1)LG(i) = − log(D(i)(G(i)(w)))

in one of two ways. In the first, LΣ
G(i) , generators must fool

a classifier from every preceding iteration:

LΣ
G(i) = −[log(D(i)(G(i)(w)))

+ ϕ

i−1∑
j=0

log(C
(j)
0 (G(i)(w)))]

(2)

A graphical depiction of a single generator using this loss
function is shown in Fig. 2a. ϕ is a used to weight the
relative influence of classifiers. Because a classifier from
each previous iteration must be fooled in order to minimize
this function, we refer to it as the “fool-all” loss function.

The other generator loss function variation, L∗
G(i) , relies

purely on a classifier from the iteration immediately pre-
ceding the current one, rather than all preceding iterations:

L∗
G(i) = −[log(D(i)(G(i)(w))) + ϕ log(C

(i−1)
0 (G(i)(w)))]

(3)

This is depicted in Fig. 2b. Because L∗
G(i) depends only on

the current iteration and the preceding iteration, we refer to
this as the “memoryless” loss function.

The two modifications result in markedly different train-
ing dynamics. Reported results will generally be for the
“fool-all” LΣ variation (Fig. 2a). When results are based on
experiments using the “memoryless” variation L∗ (Fig. 2b),
they will be explicitly noted as such. Classifiers are frozen
(i.e., their weights are not updated) during the first stage of
every iteration.

The classifier subscript 0, used in Figs. 2a and 2b (e.g.,
C

(i−1)
0 ), is purely to distinguish classifiers within the same it-

eration. In each iteration, multiple classifiers are trained that

24462



(a) Stage 1 at iteration i: GAN training with “fool-all” modified loss function

(b) Stage 1 at iteration i: GAN training with “memoryless” modified loss function

Figure 2. GANs trained in higher iterations. In subsequent
iterations (i > 0), stage 1 GAN training is modified from the first
iteration (i = 0, see Fig. 1a) such that the generator G(i)

k learns
to fool not only its co-trained discriminator D

(i)
k but also (a) i

classifiers, one from each preceding iteration (Eq. (2)) or (b) a
single classifier from the immediately preceding iteration (Eq. (3)).
At i = 1, these two approaches are equivalent.

are initialized randomly and trained independently. When
testing a GAN trained to fool the previous iteration’s clas-
sifiers, classifiers used for training and testing are trained
on disjoint subsets of generators, to measure generalization.
For example, if G(i)

k is trained to fool C(i−1)
0 , and is evalu-

ated against C(i−1)
1 , then C

(i−1)
0 and C

(i−1)
1 are trained on

disjoint subsets of iteration i− 1 generators.

4. Results

We study the interaction between G(0) and C(0) in
Sec. 4.1, C(0) and G(1) in Secs. 4.2 and 4.3, and
compare generators and classifiers of multiple iterations
(C(n), G(n), C(n+1), ...) in Sec. 4.4.

4.1. Classifiers generalize when sampling training
data from multiple generator instances

Using our pool of generators, we can profile the number
of independent generators necessary to train a classifier that
can reliably generalize to samples from generators unseen
during training. After the first stage of the first iteration,
suppose we have a sufficiently large set of trained GAN

generators. We split them into two subsets:

S0 = {G(0)
0 , ..., G(0)

n } and S1 = {G(0)
n+1, ..., G

(0)
N }

We then train a classifier C(0)
0 on samples drawn from gen-

erators in S0 and measure its performance by testing it on
samples from generators in S1 (while S1 can vary in size,
to keep results comparable we fix S1 for a given experi-
ment). By measuring the effect of n on the performance
of C(0)

0 in this way (Fig. 3), we can implicitly measure the
distinctiveness of artifacts produced by different generators.
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(a) DCGAN classifier
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(b) SG2 classifier: ResNet-50
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(c) SG2 classifier: Inception-v3
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(d) SG2 classifier: MobileNetV2

Figure 3. Classifier generalization requires samples from sev-
eral generators. For all classifier architectures tested, the ability
to distinguish between images sampled from unseen generators and
real images (y-axis) depends on the number of generators used to
produce training data (x-axis). This effect is present in the DCGAN
setting (a) and is amplified in the SG2 setting (b), (c) & (d). The
performance of each classifier is reported as accuracy on a balanced
dataset of unseen natural images and samples drawn from a pool
of 5 held-out generators in the DCGAN setting, and 25 held-out
generators in the SG2 setting; 0.5 represents random classification.

We find that a DCGAN classifier generalizes well using
a single generator, and almost perfectly when trained using
more than one different generators. However, in the second
setting, we find that SG2 generators produce sufficient di-
versity between generator instances that a classifier requires
samples from several generators to produce reliable general-
ization. With sufficient generators to sample from, however,
all classifiers become extremely accurate. By contrast, when
the so-called “truncation trick” [16] is used to generate sam-
ples (see Supplement Sec. 2), a single generator is sufficient
to achieve nearly-perfect classification accuracy on unseen
generators. Based on this finding, we use 3 generators in the
DCGAN setting and 15 generators in the SG2 setting when
training classifiers for the rest of our experiments.
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4.2. DCGAN generators fail to fool classifiers in a
generalizable way

When using Eq. (2) to train a DCGAN of the second
iteration i = 1, we find that, surprisingly, the GAN struggles
to fool a held-out classifier. This effect is shown in Fig. 4
where the DCGAN learns to fool the classifier included in
Eq. (2) at higher values of ϕ, but it fails to fool a held-out
classifier of iteration i = 0. As we increase the value of ϕ to
large values, we see the output quality degrades, as shown in
Tab. 1. Note that because we experiment with higher values
of ϕ in this section, we normalize the coefficients as:

L∗
G = −[

1

1 + ϕ
log(D) +

ϕ

1 + ϕ
log(C)] (4)
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Figure 4. DCGAN fails to fool held-out classifiers. Here, the
accuracy is reported on GAN-sampled images only, where an accu-
racy of 0 represents the GAN completely fooling the classifier. We
report the mean accuracy of 5 held-out classifiers.

ϕ DCGAN Image Samples

10−2

10−1

100

101

102

103

104

105

106

Table 1. DCGAN output collapses as ϕ takes large values. We
show 10 random image samples from each GAN trained with a
different value of ϕ.

4.3. SG2 generators can be trained to fool classifiers
in a generalizable way, with caveats

We observe a different behavior in the SG2 setting than in
the DCGAN. In particular, very low values of ϕ are sufficient

to cause the generator to learn to fool the classifiers. When
SG2 generators are trained to fool the classifiers by using the
modified loss described in Eq. (2) (or Eq. (3) where noted),
they learn to do so early in their training, as shown in Fig. 5.
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(a) ResNet-50
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(b) Inception-v3
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(c) MobileNetV2

Figure 5. SG2 generators rapidly learn to fool classifiers during
training. Accuracy of first iteration i = 0 classifiers included in
the modified loss with ϕ = 0.001 as a second iteration i = 1
SG2 generator learns to fool them (at iteration i = 1, the Eq. (2)
“fool-all” and Eq. (3) “memoryless” loss functions are equivalent).
We plot 10 runs in each graph, corresponding to 10 different first-
iteration classifier instances against 10 different second-iteration
generators. Here, classifiers are evaluated against a balanced set of
generated and real images; accuracy of 0.5 is random classification.

When using ResNet-50 classifiers, SG2 generators
showed a striking ability to generalize: learning to fool one
classifier conferred the ability to fool any other ResNet-50
classifier (see Tab. 2). The reliability of this finding, which
persists over multiple iterations (see Sec. 4.4), suggests that
all ResNet-50 classifier instances C(i) learn strongly overlap-
ping subsets of the artifacts exhibited by the G(i) generators.

However, this is not the case for all classifier architectures
tested. The effect was weakened slightly but statistically
significantly (p < 0.01) in Inception-v3, though generators
that fool one Inception-v3 classifier will still fool almost all
others. For MobileNetV2, however, the attenuation of the
effect was substantial (and statistically significant relative to
ResNet-50 and Inception-v3): generators that can fool one
MobileNetV2 classifier instance will be able to fool unseen
MobileNetV2 classifier instances only half the time.

We note that our ResNet-50, Inception-v3 and Mo-
bileNetV2 architectures had 23.5M, 21.8M, and 2.3M pa-
rameters, respectively, and hypothesize that this difference
in fooling generalization is an effect of the capacity of
the classifier the generator is learning to fool. More con-
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cretely, ResNet-50 classifiers, a high capacity model (rela-
tively speaking), each learn the bulk of the artifacts available
to them, and thus have high “knoweldge overlap” between
instances. This overlap accounts for the observed generality
of fooling ability on behalf of the generators: it’s sufficient
to learn to fool one ResNet-50 instance, since all the in-
stances have learned largely the same thing. Conversely,
MobileNetV2, a relatively lower capacity model, learns a
smaller subset of available artifacts, reducing the probabil-
ity of overlapping between instances. This reduced overlap
means that a generator trained to fool a single MobileNetV2
instance is less likely to fool unseen MobileNetV2 instances
when compared to the ResNet-50 case.

Interestingly, the results (Tab. 2, off-diagonal) imply that
the sets of artifacts learned by ResNet-50 and MobileNetV2
are different. If this were not the case, we would expect
a MobileNetV2 instance to learn a subset of the artifacts
that ResNet-50 learns, due to its lower relative capacity, and
hence expect GAN generators that fool unseen ResNet-50
classifiers to be able to readily fool unseen MobileNetV2
classifiers. This effect is even more true of Inception-
v3: learning to fool Inception-v3 implies fooling unseen
Inception-v3 classifiers but not unseen ResNet-50 classi-
fiers and vice versa. Taken together, this suggests that the
higher-capacity architectures learn sets of artifacts that are
well-conserved within architecture but are largely distinct
between architectures.

To quantify the diversity present in MobileNetV2 classi-
fiers, we modify our “fool-all” LΣ

G(i) loss function to accept
multiple MobileNetV2 classifiers (each initialized differently
and trained independently) from the previous iteration, rather
than just one:

LΣΣ
G(1) = −[log(D(1)(G(1)(w)))

+ ϕ

1−1∑
j=0

t−1∑
k=0

log(C
(j)
k (G(1)(w)))]

= −[log(D(1)(G(1)(w)))

+ ϕ

t−1∑
k=0

log(C
(0)
k (G(1)(w)))]

(5)

Because we perform this experiment on iteration i = 1,
there is only one previous iteration (the first, i = 0), so we
may drop the summation-over-previous iteration terms. We
add a new summation term to include t classifiers from the
previous iteration, rather than a single one. When additional
MobileNetV2 classifiers are included, we see the fooling
ability of the resulting generators begins to generalize, as
shown in Fig. 6.

Consistent with our classifier-capacity hypothesis, multi-
ple MobileNetV2 classifiers are required to achieve gener-
alization because each instance may only learn a subset of

GAN trained to fool...

Classifier ResNet-50 Inception-v3 MobileNetV2

ResNet-50 0.05±0.02 0.74±0.12 0.5±0.39
Inception-v3 0.51±0.25 0.16±0.26 0.53±0.34

MobileNetV2 0.31±0.17 0.36±0.16 0.41±0.38

Table 2. Generalization of SG2 generator classifier-fooling abil-
ity varies widely with classifier architecture. Each entry is the
accuracy (mean±std) of classifiers (row) on generated images only,
sampled from SG2 generators trained to fool other classifiers (col-
umn). Each entry is based on the performance of ten (unseen)
classifiers measured against each of ten SG2 generators, where
each generator is trained to fool a distinct classifier instance. “Fool-
ing” is considered to occur when accuracy ≤ 0.20 (an arbitrary
threshold chosen for visualization purposes), and is highlighted in
bold. Note that, in all cases, classifiers are at least 98% accurate
on held-out real images.
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Figure 6. Reliably fooling unseen MobileNetV2 classifiers re-
quires learning to fool multiple MobileNetV2 classifiers. Mul-
tiple trained instances of the low-capacity (relatively speaking)
MobileNetV2 classifiers are required during generator training to
achieve generalizable fooling ability. SG2 generators are trained
using the loss function in Eq. (5). We report the mean accuracy
of 10 held-out MobileNetV2 classifier instances against generated
images from a single trained generator, and we start with fooling a
classifier where it completely fails to fool held-out classifiers.

the artifacts available to it, and so do not overlap as often
as higher-capacity architectures. To measure the between-
instance overlap of MobileNetV2, we conducted a pairwise
comparisons over 10 independent MobileNetV2 classifiers.
To this end, we trained 10 generators to fool one of 10 trained
MobileNetV2 classifiers, then we tested that generator’s fool-
ing ability against the other MobileNetV2 instances (as well
as the one they were trained to fool). The results (Tab. 3)
are striking: rather than randomly sampling artifacts to learn,
which would result in fairly uniform off-diagonal values in
the table, we see clear clusters emerging that are “mutually-
fooling”: a generator trained to fool one will fool the rest,
which we take as implying the classifiers within a cluster
learned a shared subset of generator artifacts. For instance,
classifier instances 6 and 7 are (almost) mutually fooling,
as are classifiers 0 through 5; however, a generator trained
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MobileNetV2 GAN trained to fool MobileNetV2 classifier #...

Classifier 0 1 2 3 4 5 6 7 8 9

0 0.04 0.06 0.05 0.08 0.07 0.06 0.98 0.98 0.47 0.95
1 0.16 0.05 0.11 0.10 0.08 0.10 0.99 0.99 0.64 0.97
2 0.09 0.08 0.03 0.10 0.08 0.08 0.99 0.99 0.44 0.94
3 0.09 0.05 0.05 0.03 0.05 0.05 0.99 0.99 0.53 0.96
4 0.09 0.05 0.09 0.06 0.04 0.10 0.98 0.98 0.60 0.94
5 0.22 0.15 0.14 0.20 0.20 0.05 1.00 1.00 0.70 0.98
6 0.53 0.45 0.59 0.37 0.52 0.35 0.01 0.21 0.37 0.03
7 0.28 0.29 0.45 0.17 0.17 0.21 0.02 0.00 0.12 0.03
8 0.13 0.14 0.06 0.11 0.17 0.09 0.92 0.91 0.03 0.74
9 0.44 0.42 0.37 0.34 0.40 0.33 0.60 0.70 0.28 0.02

Table 3. MobileNetV2 classifiers appear to form clusters based on the subset of artifacts learned. Each entry (i, j) is the accuracy
of the classifier i (row) against images sampled from SG2 generators trained to fool the classifier j (column). A value of 0.0 means the
classifier was completely fooled while a value of 1.0 means the classifier was never fooled. An accuracy ≤ 0.20 (an arbitrary threshold) is
considered “fooled” and is highlighted in bold. Note that, in all cases, classifiers are at least 98% accurate on held-out real images.

to fool 6 or 7 is totally unable to fool classifiers 0 through
5. In the table, the two clusters mentioned are highlighted
using boxes. Perhaps more surprising, the table lacks diago-
nal symmetry: suggesting that some classifiers learn partial
subsets of the artifacts learned by others.

4.4. SG2 generators of subsequent iterations do not
change in image quality or learning behavior

Secs. 4.1 to 4.3 are essentially concerned with the first
iteration and the first stage of the second iteration, as detailed
in Figs. 1 and 2. If we continue conducting iterations in the
SG2 setting, new dynamics emerge.

Regardless of the loss function used (either Eq. 2 or 3),
the training process does not appreciably change for the gen-
erators, nor do they require increased training time. Further,
this does not result in a drop in the visual quality of the
sampled images either, whether measured qualitatively by
visual inspection or quantitatively by FID [11], as included
in Tab. 4. We do not show the images from the FFHQ dataset
or image outputs from models trained on the dataset in this
work.

Tab. 4 details five iterations, where all classifiers are
ResNet-50 architecture and generators are trained with the
“fool-all” loss LΣ

G(i) (Eq. (2)). In each iteration, generators
must fool a classifier from all previous iterations, and accord-
ingly, high-capacity classifiers from iteration i are wholly
unable to detect generated images from generators of subse-
quent iterations k > i (upper-right in Tab. 4). The converse
is not true: higher-iteration classifiers sometimes, but not al-
ways, detect lower-iteration generators (lower-left in Tab. 4).
This phenomenon lacks a readily identifiable pattern but is
highly replicable. For instance, across 10 independent tri-
als, iteration 2 classifiers could detect iteration 1 generators

about 73% of the time, while iteration 4 classifiers could
detect iteration 3 generators only 7% of the time. Further-
more, classifiers of subsequent iterations completely fail to
detect GANs of iteration 0 (the first column in Tab. 4). The
fact that this effect is iteration specific suggests underlying
complexity.

Along the diagonal, we see high performance: iteration i
classifiers are able to learn to identify images synthesized by
iteration i generators, unseen by the classifier during training.
We do note a potential trend of diminishing classification test
accuracy in later iterations, which suggests the generators
do begin to de-correlate after a number of iterations. It is not
surprising that the generators still produce artifacts even after
training against the classifiers. It is surprising, however, that
the generalization ability of the classifiers remains high over
the course of several iterations. This means that not only
are the generators producing new artifacts but these artifacts
are shared with the other randomly-initialized and randomly-
trained generator instances of the same iteration. In other
words, the generators shift consistently and largely in unison
across iterations. Taken together, this suggests the existence
of an “artifact preference” on the part of the generators. If the
generation of some set of artifacts is precluded (for instance,
by the need to fool classifiers that have learned them), the
generators will not only begin to generate new artifacts but
largely the same set of new artifacts.

The notion that generators produce artifacts according to
an orderly preference, where precluding one set of artifacts
leads predictably to the generation of a new set of artifacts,
is reinforced by our experiments with iterations trained with
the “memoryless” loss function (Eq. (3)). In this regime,
generators must fool only a classifier from the previous it-
eration. Unsurprisingly, SG2 generators trained in this way
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GAN Instances

Classifier Iteration 0 Iteration 1 Iteration 2 Iteration 3 Iteration 4

Iteration 0 0.993±0.002 0.028±0.004 0.037±0.006 0.047±0.011 0.053±0.007
Iteration 1 0.000±0.000 0.996±0.005 0.013±0.003 0.015±0.002 0.008±0.002
Iteration 2 0.001±0.000 0.734±0.138 0.957±0.053 0.014±0.003 0.029±0.007
Iteration 3 0.004±0.001 0.868±0.115 0.184±0.133 0.931±0.069 0.018±0.004
Iteration 4 0.007±0.001 0.713±0.140 0.510±0.141 0.068±0.027 0.858±0.112

Mean FID 36.98 36.62 36.67 36.39 36.83

Table 4. Classifier performance in sequential iterations. We train 5 iterations of SG2 GANs and their classifier counterparts. The SG2
generators of an iteration are trained with a classifier model of each of the previous iterations (using Eq. (2)). ith iteration classifier models
are trained on 15 trained instances of ith iteration SG2 generators. The entry at (i, j) is the accuracy mean±std of a iteration i classifier
evaluated on images generated with a balanced source of 10 held-out iteration j SG2 generator instances. A value of 0.0 means the classifier
is always fooled; a value of 1.0 means it is never fooled. Note that, in all cases, classifiers are at least 95% accurate on held-out real images.

fool the previous iteration’s classifiers (G(i) fools C(i−1)),
however, they are detectable by the classifier from two itera-
tions ago: G(i) is readily detected by classifier C(i−2). This
suggests that, fittingly, in the “memoryless” training regime
generators oscillate between one of two clusters of artifacts
depending on the parity of the iteration.

5. Conclusion
GAN-generated images exhibit “artifacts” that distinguish

them from real images, even if such artifacts are not apparent
to the human eye. Many of these artifacts are “knowledge
gaps:” rather than being sample-specific, they are present
in most or all of the samples from a given generator. We
study two settings: using DCGAN with the MNIST dataset,
and StyleGAN2 with the FFHQ dataset. Our results suggest
that, far from being random or just instance-specific, some
artifacts are produced in a regular, repeatable way across
independent generators of the same GAN architecture (and
trained on the same dataset), comprising an “artifact space.”
This is evident from the fact that all classifiers we tested
needed samples from a relatively small pool of generators in
order to reliably generalize to unseen generator instances.

Between the two settings, and in stark contrast, DCGAN
generators trained on MNIST were unable to fool unseen
classifiers without compromising output quality. But Style-
GAN2 generators trained on FFHQ learned to fool unseen
classifiers of the same architecture with high reliability and
often from exposure to a single classifier instance. How-
ever, this fooling ability does not generalize to classifier
instances of other architectures. This suggests that the sub-
set of the available artifacts learned by a classifier is sim-
ilar within architecture but different between architecture.
Further, StyleGAN2 generators’ fooling ability generalizes
more reliably when the classifier in question is high capacity
(ResNet-50, Inception-v3). Hence, high-capacity architec-
tures learn a large proportion of the artifacts available to

them, resulting in correlated behavior. However, a classifier
like MobileNetV2 only learns a portion of the artifact space
available to them, and so multiple trained classifier instances
are required when training a generator in order to reliably
fool held-out MobileNetV2 instances. This does not imply
that MobileNetV2-based classifiers learn an arbitrary subset
of the artifact space: pairwise comparisons indicate that they
instead tend to fall into clusters that are “mutually-fooling.”

When iterating the process in the StyleGAN2 setting, we
find that the StyleGAN2 generators continue to quickly learn
to fool the classifiers. Similarly, the classifiers require sam-
ples from only a few of the newly trained generators to learn
how to detect unseen generators reliably. This persistence
of detector generalization suggesting that the constraint of
needing to fool a classifier induces a consistent transforma-
tion on the artifact space across generators (rather than, say,
inducing a random transformation specific to each genera-
tor). Thus, the StyleGAN2 generators of each new iteration
produce artifact spaces that are (mostly) distinct compared
to previous iteration but are largely the same within the itera-
tion. This suggests an induced preference or ordering over
artifact spaces, and merits further study. Our results also
hint that this process doesn’t continue indefinitely: after a
sufficient number of iterations, the StyleGAN2 generators
may begin to “decorrelate” in terms of their artifact space.

Lastly, we discuss the limitations and societal impact of
our work. While we expect our findings to be a property
of GAN generators broadly, verifying this is left for future
work. In line with previous work [9, 31], it would be in-
structive to investigate the overlap in the “artifact spaces”
across different GAN architectures, among multiple itera-
tions. From a misinformation mitigation perspective, we
hope our findings will motivate further research into de-
tection of GAN-generated images. However, as with all
published work on detection, we cannot conclusively say
that there is no potential this could benefit bad actors.
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