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ABSTRACT

Modern generative adversarial networks (GANs) generate extremely realistic im-
ages and are generally believed to capture the true data distribution. In this work,
we evaluate modern GANS as density models and ask whether they can be used
for tasks such as outlier detection and generative classification. We find that the
performance of state-of-the-art GANs is very poor on these tasks and is often
close to (or worse than) random. For instance, a modern GAN that generates re-
markably realistic samples when trained on CIFAR10, consistently assigns higher
likelihood to flat images than to images from the training set.

To try and understand the source of this poor performance, we show that the likeli-
hood that a GAN assigns to an input image is dominated by the quality of the GAN
reconstruction when only the latent variable is optimized. Surprisingly, GANs of-
ten fail to reconstruct images from the training set in this scenario, while they
are highly effective at reconstructing images outside the distribution. Taken to-
gether, our results indicate that modern GANs do not truly learn the underlying
distribution, despite the impressive quality of the generated samples.

1 INTRODUCTION

Modern Generative Adversarial Networks (GANs, Goodfellow et al., 2020) have achieved extremely
impressive results in image generation and manipulation (e.g. Brock et al., 2018; Karras et al.,
2020b; 2021; Sauer et al., 2022; Pan et al., 2023). For many datasets of high-resolution images,
naive observers find it difficult to determine whether a given image is real or a fake image generated
by a modern GAN. The high perceptual quality of the generated images can also be measured nu-
merically using metrics such as FID scores and the progress over the last decade of the success of
GANs using this metric has been impressive. This progress would seem to suggest that the density
model learned by GANs pθ(x) has been gradually approaching the true input distribution pdata(x).

But as has been pointed out repeatedly in the past (e.g. (Theis et al., 2015)), high-quality samples do
not guarantee that the generator has learned a distribution that matches the true distribtion. A trivial
example is a generative model that randomly samples a point from the training data: such a model
would give excellent FID scores but will give zero probability to any example outside of the training
set.

In this paper we wish to measure the extent to which modern GANs capture the true density of the
data. Traditionally, generative models have been evaluated using both sample quality and additional
tasks. Consider, for example, the Helmholtz machine, one of the first deep generative models of im-
ages. Published approximately 30 years ago, the authors demonstrated the success of a model trained
on handwritten digits by: (1) showing samples from the model, (2) evaluating the log likelihood on
held out data, and (3) training separate models for different classes and classifying new examples
based on the class that gives the highest likelihood (Hinton et al., 1995; Frey et al., 1995). The mo-
tivation for the last task is the fact that the Bayes-optimal classifier is one that returns the category
which maximizes the conditional density (Duda et al., 1973). Thus, we would expect a classifier that
uses pθ(x) as the density to achieve near optimal accuracy if pθ(x) ≈ pdata(x). Conversely, subpar
accuracy serves as clear evidence that pθ(x) ̸= pdata(x). Indeed, Hinton et al. showed that the same
model that generated realistic samples on handwritten digits also gave classification accuracies that
were higher than a state-of-the-art classifier trained on the same data. We wish to determine whether
a similar behavior holds in the case of modern GANs.
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Figure 1: Modern GANs are typically bad at reconstructing training images when only the z is op-
timized but can copy images completely outside the original training distribution. This is illustrated
with ReACGAN (Kang et al., 2021) on ImageNet (with a reported FID of 15.65 Kang et al. 2022).
The top row shows images generated by the GAN, from the training set, from SVHN (rescaled to
128×128) and images of a single color (flat). The second row shows ReACGAN’s z-reconstruction
of the images. Notice how the GAN can’t reconstruct training images (optimization only z), whether
conditioned on the correct label or on a different label, and the perceptual quality in both cases is
equally bad. On the other, ReACGAN can reconstruct some images from SVHN and all flat images,
even though they were never observed during training.

When we use these additional tasks to measure the success of modern GANs, we find that the density
models they learn are remarkably poor. Their performance is worse than chance on outlier detection
and worse than simple baselines on classification (e.g. ≈ 30% accuracy on CIFAR10). This is
despite the fact that the same GANs generate highly realistic samples for these datasets. In order to
explain these failures, we show that the likelihood that a GAN assigns to a new image is dominated
by what we call the “z-reconstruction error”: the ability of a GAN to reconstruct an image when all
parameters are fixed and we optimize over the latent variable z.

Take for instance the z-reconstruction results with ReACGAN (Kang et al., 2021) on ImageNet
shown in Figure 1. The GAN is able to generate realistic samples, but is unable to reconstruct
training images when only z is optimized. Furthermore, the quality of the z-reconstruction when
supplying the correct labels to the GAN or the wrong labels is equally bad, as shown in the left
two columns of the training set for the correct labels and the right two columns for the wrong
labels. Because the GAN frequently assigns similar likelihood to images in the correct class and
the incorrect class, its performance on classification is very bad. Moreover, ReACGAN is able to
z-reconstruct images made up of only a single color or from SVHN much better than images from
the training set, even though they were never observed in training. This directly impedes the GAN
in outlier detection, as it gives higher likelihood to flat images (outside the training distribution) than
to test images. In our experiments, we observe that a range of state-of-the-art GANs on different
datasets imitate these flaws, explaining why they perform so poorly on the tasks of classification and
outlier detection.

The behavior described above defies what would usually be expected of good density models. If
anything, images from the training set should be inside the support of the model while those from
completely different distributions should be outside, which is apparently not the case for many
modern GANs. All together, our results indicate that modern GANs in fact capture a fundamentally
different distribution from that of the training data.

2 METHODS

GANs transform samples from a low dimensional latent space, Z , into the (typically larger) dimen-
sion of the data X , effectively describing a manifold. This corresponds to a generative model of the
form x = Gθ(z) where z is sampled from a base distribution p(z) which, together with the mapping
function Gθ, determine the density of high dimensional samples x ∈ X .

As defined, this distribution will give zero density to any sample not on the manifold. However, for
many GANs almost all training points are not on the manifold, as shown in Figure 2. If almost all
points of interest are not part of the manifold, then the performance of the GAN on any inference
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Figure 2: Euclidean distance of reconstructions of generated and train images under different GAN-
dataset pairs (when onlyz is optimized). In all examples, the reconstructions errors of training
images are noticeably larger than the same for images generated by the GAN, implying that most
training images are not inside the GAN manifold.

task will be essentially the same as random chance. It is therefore necessary to relax this de�nition
of the density captured by GANs for successful inference.

Many authors augment the above density with an observation model:x = G� (z) + � where� is
observation noise and is usually assumed to be Gaussian with variance1


 (Wu et al., 2016). The
probability ofx can now be rewritten as:

p
 (x) =
Z

p(z) p
 (xjG� (z)) dz (1)

wherep
 (xjG� (z)) is the observation model. We will call this new probability therelaxed likeli-
hoodand will slightly generalize by assuming that the observation model takes the following form:

p
 (xjG� (z)) / exp [� 
 � d (x; G � (z))] (2)

whered (�; �) is a (possibly asymmetrical) distance function. In the case of a Gaussian observation
model, the distance function is the`2 norm.

Using such an observation model, the relaxed likelihood is consistent with that of the GAN at the
limit 
 ! 1 but has full support as long as
 is �nite, unlike the distribution implied by the noiseless
GAN. In our experiments, we will investigate the quality of the density models implied by GANs
when
 is �nite.

2.1 ANNEALED IMPORTANCESAMPLING

Calculating the relaxed log-likelihood involves solving the integral in Equation 1. Unfortunately,
analytically solving this integral is intractable for the GANs that we study. Instead, approximate
methods such as Markov chain Monte Carlo (MCMC) must be used in order to calculate the log-
likelihood. In particular, Wu et al. showed that annealed importance sampling (AIS, Neal 2001) can
be used to accurately approximate the log-likelihood of GANs. Broadly speaking, AIS is an MCMC
approach that uses multiple intermediate distributions in order to estimate normalizing constants.

Let f (z) be a target un-normalized distribution. An AIS chain is de�ned by an initial distribution
Q0(z) = q0(z)=Z0 whose normalization coef�cient is known, together withT intermediate distribu-
tionsQ1(z); � � � ; QT (Z ) such thatQT (z) = qT (z)=ZT = f (z)=ZT . Each step of the chain further
requires an MCMC transition operatorTt which keepsQt (z) invariant, such as the Mahalanobis-
Adjusted Langevin algorithm (MALA) or Hamiltonian Monte-Carlo (HMC).

Beginning with a sample from the initial distributionz0 � Q0(z) and settingw0 = 1 , AIS iteratively
carries out the following steps:

wt = wt � 1 �
qt (zt � 1)

qt � 1(zt � 1)
zt � T t (zjzt � 1) (3)

The importance weightswT aggregated during the sampling procedure are an unbiased estimate of
the ratio of normalizing coef�cients, such thatE [wT ] = ZT =Z0.

Given an input imagex, the relaxed likelihood can be calculated through AIS by settingf (z) =
p(z)p
 (xjG� (z)) as the target distribution, such thatp
 (x) is the corresponding normalization
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constantZT . We follow Wu et al. and use the following intermediate distributions:

qt (z) = p(z) � p
 (xj G� (z)) � t (4)

where� t > � t � 1, � 0 = 0 and� T = 1 .

In practice, we would like to estimate the likelihood in log-space to avoid numerical dif�culties
such as under�ows, i.e. to calculatelogp
 (x). Calculating the log of the importance weights as
described above is straightforward, however Grosse et al. have shown that doing so results in a
stochastic lower bound of the log-likelihood. As the number of intermediate stepsT increases, this
stochastic lower bound becomes tighter and converges to the true log-likelihood.

2.2 INFERENCE

We will use two tasks as a manner of testing whether GANs have learned the distribution underlying
the training data: (1) generative classi�cation and (2) outlier detection (OD).

Generative Classi�cation In generative classi�cation, it is assumed thatdifferentparametric dis-
tributions were learned for each classc 2 C. The optimal classi�cation estimator in this setting is to
return the class with the highest conditional likelihoodp� (xjc).

Some of the GANs that we investigate use parameter sharing in the models for different classes. For
example, in StyleGAN-XL, a single GAN is learned for all classes, but the output of the GAN is
conditioned on a one-hot vector that encodes the desired class. In such cases, we de�ne the density
that a model gives to a particular class as

p
 (xjc) =
Z

p(z) p
 (xjG� (z; c)) dz (5)

Outlier Detection The simplest approach towards outlier detection assumes that outliers arise
from some basic distribution (e.g. uniform), while inliers are generated from the learned distribu-
tion (Barnett, 1978; Barnett et al., 1994; Bishop, 1994; Zong et al., 2018). This setting corresponds
to labeling any point with log-likelihood less than some prede�ned threshold� as an outlier. This
de�nition gives rise to the estimator̂o� (x) = 1[p� (x) < � ] which returns 1 whenx is assumed to
be an outlier. We will use the area under the ROC curve (AUC) to evaluate the performance of the
different models on OD.

3 EXPERIMENTS

AIS In all of the following experiments, we used AIS with an HMC transition kernel and 500
intermediate distributions and 8 chains. For more details and analysis of accuracy, see Appendix A.2.

Relaxed Log-Likelihood For all experiments, a Gaussian observation model was used (see Ap-
pendix B.2 for other observation models).
 was set as the inverse variance of the distance between
training samples and the GAN's reconstruction of those images, corresponding to maximizing the
relaxed log-likelihood with respect to the training images under a Gaussian distribution.

Datasets The datasets considered are CIFAR10 Krizhevsky et al. (2009), AFHQ (Choi et al., 2020)
and ImageNet (Russakovsky et al., 2015).

Because of the large computation cost of calculating the likelihood for each sample, we show results
only for a small subset of the test data: 400 samples on CIFAR10/AFHQ, and 200 for ImageNet.
Additionally, the results on ImageNet are for a subset of the dataset containing only 10 classes,
which we call ImageNet10 (exact details in Appendix A). In the OD task, we use images of one
color (which we call ”�at”), SVHN and images from classes other than those being conditioned as
the outliers.

Models In our experiments, we consider the following pre-trained GANs: StyleGAN-XL (Sauer
et al., 2022), BigGAN-DiffAug (Zhao et al., 2020), StyleGAN2-ADA (Karras et al., 2020a),
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Figure 3: Generative classi�cation accuracy of the different GANs (in gray) compared to our simple
baselines (orange and red). All of the GANs are on par, or worse than, generative classi�cation
using simple baselines. Additionally, the classi�cation accuracy of ViT-H (Dosovitskiy et al., 2020)
on CIFAR10 (in green) shows how far the GANs are from current state-of-the-art classi�ers.

Figure 4: Left : Outlier detection performance on CIFAR10 (truck class) of the different GANs,
compared with the baselines.Right: histograms of the log-likelihoods assigned by StyleGAN-XL
(center) and a diagonal Gaussian (right) to different partitions of the data. Note that StyleGAN-
XL gives �at (orange), SVHN (green) and images from the wrong class (automobile, red) higher
likelihood than even the training images (black). On the other hand, the diagonal Gaussian is at least
able to differentiate between �at images and test images.

BigGAN-ICR (Zhao et al., 2021), ReACGAN (Kang et al., 2021) (the last 2 we use the imple-
mentations available from Kang et al. 2022). The results for CIFAR10 and ImageNet10 use class-
conditional GANs, while those on AFHQ use GANs trained separately on each class. These GANs
were chosen as they all perform extremely well under the standard evaluation protocols - for in-
stance, StyleGAN-XL has an FID of 1.52 on ImageNet and an FID of 3.35 on CIFAR10.

Baselines We will compare the GANs to two simple baselines: (1) a diagonal Gaussian and (2) a
kernel density estimator (KDE) with an isotropic Gaussian kernel and variance around 0.05. Both
of the baselines are �tted to the training data (or a subset of it), carrying out inference in exactly the
same manner as the GANs.

3.1 RESULTS

Figure 3 shows the classi�cation accuracy of various GANs on different datasets. Notably, the
classi�cation accuracy of the GANs is very low, typically lower or on par with our simple baselines.
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Figure 5: The log-likelihood of samples plotted in ascending order for different dataset-GAN pairs.
The full log-likelihood (dashed line) is the sum of two terms: a reconstruction term (in blue) and a
KL term (in orange). In all of the cases we investigated, the KL term remains more or less constant,
while the reconstruction term varies between samples. These results imply that the log-likelihood is
mostly dependent on the reconstruction quality of the samples.

Figure 6: The negativez-reconstruction error scattered against the log-likelihoods (divided by the
dimension of the data) found using AIS for various dataset-GAN pairs. The errorbars represent� 1
standard deviation of the importance weights found using AIS. The dashed red line in the linear �t
of the z-reconstruction error to the likelihood. The reconstruction error is highly correlated with
the log-likelihood, typically around 0.9, hinting that it serves as a good stand-in for the true relaxed
log-likelihood. Correlations for all pairs of data sets and GANs available in Appendix B.3.

Figure 4 (left) shows the results of OD on CIFAR10. The performance of the GANs on these tasks
is very low - much lower even than randomly selecting outliers. Figure 4 (center) shows why this is
the case: the likelihood assigned to �at and SVHN images is higher than to the test and train images.
This means that any threshold chosen will assign more test images as outliers than the actual outliers.
Worse, most of thetraining imageswill also be considered outliers!

The results shown in Figure 4 are only conditional on a single class - the CIFAR10 “trucks” class;
more results can be seen in Appendix B. Furthermore, the performance of the GANs on ImageNet10,
AFHQCat and AFHQDog also fall below the baselines and is available in Appendix B.

4 ANALYSIS

The results above indicate that modern GANs are not effective density estimators. But why is this
the case?

The relaxed log-likelihood can be rewritten as follows:

logp
 (x) = Ezjx [logp
 (xj G� (z))] � DKL (p
 (zjx) jj p(z)) (6)

The �rst term is related to how well the model can reconstruct the given image and is easier to
analyze while the second term is the divergence between the model's prior and posterior.
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Figure 7: Histograms of the logz-reconstruction error (lower is better) of different GANs-dataset
pairs on different partitions of the data. Notice how �at and SVHN images consistently achieve
lower reconstruction error, even lower than training images, explaining why GANs struggle with
outlier detection. Moreover, the reconstruction of training and test images are almost identical to
the reconstruction error when the GAN is provided with the wrong label, leading to poor accuracy
in generative classi�cation.

Figure 8: Best reconstructions for various dataset-GAN pairs. The top rows are results for BigGAN-
DiffAug trained on CIFAR10 (FID 3.35, zoom in to see details), the middle rows are StyleGAN-XL
on ImageNet10 (FID 1.52), and the bottom rows are StyleGAN2-ADA on AFHQCat (FID 3.55).
For each GAN, the top row consists of original images and the bottom is the GAN's reconstruction.
All of these GANs are able toz-reconstruct �at images remarkably well, even though such images
weren't seen during training, which is the reason they under-perform on OD. On the other hand, the
reconstruction of training and testing images is quite poor with all GANs. Moreover, in most cases
the reconstruction of training images is equally bad whether the labels supplied to the GAN are the
true labels or incorrect labels, explaining why they struggle in the task of generative classi�cation.

We can look at the relative importance of these terms on the log-likelihood in order to gain a bet-
ter understanding of the behavior empirically observed in the previous section. In Figure 5, the
reconstruction and KL terms are plotted next to the log-likelihood. Notice how the difference in
log-likelihood between different samples is mostly determined by the reconstruction term, while the
KL term is almost constant.
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