
How Useful is the Density Learned by GANs for Computer Vision?

Roy Friedman, Yair Weiss
The Hebrew University of Jerusalem

roy.friedman@mail.huji.ac.il

Abstract

Generative Adversarial Networks (GANs) are trained to
minimize the distance between the model density, pθ(x),
and the distribution of the data, pdata(x). In this paper we
ask: is the prior learned by GANs, pθ(x), useful for down-
stream computer vision tasks such as classification, outlier
detection or image restoration? To answer this question, we
conduct a series of experiments on state-of-the-art GANs
trained on various datasets with varying optimization cri-
teria. We show that even though these GANs can generate
remarkably realistic images and perform well under the task
of image generation, using the learned prior pθ(x) to solve
computer vision tasks yields poor performance. We explain
the origin of these results by showing that pθ(x) has almost
perfect correlation with a model which was trained on small
image patches.

1. Introduction
Generative models fundamentally aim to approximate the
distribution of training data, pdata(x) [7]. When such models
approximate the data distribution well, they can be used to
generate realistic images, a capability that has driven much
recent research in image generation [10, 15, 28]. However,
having access to the distribution from which natural images
are sampled holds tremendous potential beyond image syn-
thesis. Theoretically, it is well known that optimal perfor-
mance in tasks such as image recognition and restoration
is possible when we have access to the true distribution of
the training data [7]. This suggests a compelling possibil-
ity: rather than developing specialized models for individ-
ual tasks, a single well-trained generative model could ad-
dress multiple inference challenges at once. In particular,
if the model’s density, pθ(x), closely approximates the data
distribution, pdata(x), then numerous inference tasks can be
solved using only the model’s density pθ(x).

Among the various generative modeling frameworks,
Generative Adversarial Networks (GANs) [8] have gained
particular prominence. When training a GAN, the distance
between the model’s density pθ(x) and that of the data

pdata(x) is minimized [1, 8, 21, 32], through a joint opti-
mization of a generator network Gθ(·) and a discriminator.
In this work we ask: to what extent is the prior learned by
the GAN, pθ(x), useful for downstream tasks?

When analyzed in this way, we find that the GAN prior
is inefficient for solving downstream tasks such as classifi-
cation, outlier detection and image restoration. This lim-
itation persists across GANs with different architectures,
under a wide range of optimization criteria and for differ-
ent datasets. Moreover, even GANs that are state-of-the-
art in terms of FID [10] (such as StyleGAN-XL [28]) ex-
hibit this deficiency, and the ability of the different GANs to
solve downstream tasks seems independent from their sam-
ple generation quality as measured by FID. This is espe-
cially upsetting in the context of image restoration, where
the ability to generate realistic images can be considered an
important factor [25].

To better understand this behavior we analyze the densi-
ties assigned by the GANs. Consistently, we find that the
images whose density is highest are those with strong cor-
relations in small regions within the image, such as images
of a single color or SVHN images. This suggests that the
GAN density is dominated by local statistics inside the im-
age. To test this hypothesis, we compare the GAN prior to
a model trained only on local features: a Gaussian mixture
model (GMM) trained on non-overlapping, 8 × 8 patches.
Remarkably, we find that the density assigned by different
GANs and the simple patch model are highly correlated,
frequently with a correlation above 90%. This high correla-
tion of the GAN density to simplified patch models explains
the poor performance of GANs in tasks such as classifica-
tion and outlier detection.

2. Inference with GANs

2.1. Calculating the GAN density

To use the prior learned by the model in order to solve
downstream tasks, the log-density log pθ(x) needs to be cal-
culated. In contrast to many other generative models, the
GAN log-density cannot be calculated explicitly. Worse, as
the GAN defines a transformation from a low-dimensional
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Figure 1. Left: average accuracy of GANs as generative classifiers. Right: AUC when using GANs for outlier detection.

latent space, Z , to the data space X , naively any sample off
of the manifold defined by the GAN’s generator will have a
density of 0.

To overcome this limitation and meaningfully apply
GAN priors, we adopt an approach similar to variational
auto-encoders (VAEs, [18]). While VAEs are also fre-
quently defined as a transformation from a low-dimensional
space to the high-dimensional data space, they assign den-
sities larger than 0 to points outside their manifold. This is
made possible by assuming that each sample x is observed
after some noise has been added to it. Thus, it is assumed
that each sample was created under the following process:

x = Gθ(z) + η (1)

where Gθ(·) is the mapping from the latent space to the
sample space and η ∼ pnoise represents observation noise,
sampled independently from the latent code z. Adding an
observation model in this way defines a conditional distri-
bution for each sample given the latent code, pθ(x|z), de-
termined by the distribution of the observation noise. In
this work, we consider GANs analogously to VAEs, with
an additive Gaussian noise model with variance σ2, which
is common for many other low-dimensional latent genera-
tive models [17, 27, 31]. While we primarily use this Gaus-
sian model, our experiments with a more perceptual dis-
tance yielded qualitatively similar results.

Under this noise model, the log-density is given by the
following equation:

log pθ(x) = log

∫
pθ(x|z) · pθ(z)dz (2)

for unconditional GANs. When using conditional GANs,
the log-density is defined per-class log pθ(x|z; c), using the
generator’s conditioning on the class c. As the above in-
tegral is intractable, we follow Wu et al. [33] and use an-
nealed importance sampling (AIS, Neal 24) to estimate the
log-density. In all of our experiments, we use AIS with 500

steps, 4 chains, a Hamiltonian Monte Carlo (HMC) kernel
and 10 leap-frogs to estimate the log-density of a sample.
These hyperparameters were chosen to mitigate the high
computational load of running AIS while still extracting ac-
curate estimates of the log-likelihood. To set the variance
of the observation model, σ2, we used the maximum like-
lihood estimator, which is the mean variance of the recon-
struction error of training samples. In all cases, the signal-
to-noise ratio of the images was high; that is, the variance
of the observation noise used was comparatively small.

2.2. Results
To ascertain if the priors learned by modern GANs are ef-
fective for computer vision tasks, we run a series of exper-
iments on three different datasets: CIFAR10, two classes
of ImageNet, and AFHQ. We use a wide range of GANs,
which vary in terms of training procedure and architec-
ture: StyleGAN-XL [28], ReACGAN [12], BigGAN [5]
and BigGAN-DiffAug [34], StyleGAN2-ADA [14], ICR-
GAN [13, 35], WGAN [13, 22], ContraGAN [11, 13] and
MHGAN [13, 16].

Under these different datasets and GANs, we consider
three standard computer vision tasks: classification, outlier
detection and compressed sensing. For the tasks of outlier
detection and classification, we additionally compare the
performance of the different GANs to a simple ℓ2 nearest-
neighbor (1-NN) estimator.

Classification: Generative classification is carried out by
calculating the log-density of the sample x under a class-
specific model. The sample is then categorized to the class
whose paired model gives highest log-density: ĉ(x) =
argmaxc pθ(x; c). When pθ(x; c) = pdata(x; c), this classi-
fication scheme can be shown to be optimal in terms of test
accuracy [7]. In these experiments, we consider classifica-
tion of CIFAR10, a subset of ImageNet for binary classifica-
tion, and all three classes of AFHQ (cat, dog, and wild). The
results of using GANs as generative classifiers can be seen



model data m =50 100 500 1000
train 15.5 17.2 20.5 20.8

WGAN [2] generated 19.3 26.2 33.6 35.0
train 16.5 17.5 21.0 21.8

WGAN-GP [9] generated 17.4 19.8 39.6 45.8
train 16.6 18.3 20.9 21.3

BigGAN [5] generated 20.0 23.3 29.7 29.2
train 15.8 17.7 20.2 20.5

ICRGAN [35] generated 23.0 34.5 45.5 45.5
train 15.4 17.3 20.2 20.3

ContraGAN [11] generated 19.1 26.9 41.9 43.1
train 16.0 17.8 20.6 20.9

ReACGAN [12] generated 21.6 32.4 44.3 44.4
train 16.2 17.2 18.2 18.1

StyleGAN-XL [28] generated 28.9 31.7 33.0 32.3
Gaussian prior train 17.9 19.6 25.9 28.8

Figure 2. Left: examples of reconstructions by StyleGAN-XL for training and images that StyleGAN-XL itself generated, under different
numbers of measurements. For training images, the GAN captures the overall color information of the image but is never able to reconstruct
the main subject, even when there are numerous measurements. On the other hand, the GAN is adept at reconstructing generated images,
which are truly from the distribution of the GAN, meaning the reconstruction algorithm itself is not the origin of the poor performance.
Right: a table of average PSNRs of different GANs on training images and images that they themselves generated. The numbers underlined
have the highest PSNR on training images. The GANs are systematically worse than a Gaussian prior at solving compressed sensing.

in Figure 1 (left). All of the GANs, even those that are able
to generate extremely realistic samples such as StyleGAN-
XL [28] with an FID of 1.88 on CIFAR10, learn poor priors
for the task of classification. As a comparison, the GANs
perform on par with the simple 1-NN baseline classifier us-
ing ℓ2 in pixel space.

Outlier detection: One way generative models can be
used to detect outliers is by defining some threshold τ and
deeming any sample x with an assigned density lower than
this threshold, log pθ(x) < τ , as an outlier [3]. In a sim-
ilar way, for the 1-NN baseline a sample is determined to
be an outlier if its distance from the nearest training sample
is larger than a threshold τ . The performance of the model
as an outlier detector is evaluated using the area under the
ROC curve (AUC), calculated over different choices for the
threshold τ . When the AUC is lower than 1/2, this means
that the estimator is worse than random at detecting outliers.
Under this framework, we evaluate GANs as outlier detec-
tors, where the outliers considered are images of a single
color or scaled images from SVHN. For all of the GANs
considered in this work, we find that their AUC is worse
than random, as can be seen in Figure 1(right). In compari-
son, the simple 1-NN baseline always detects outliers better
than the GANs.

Compressed sensing: Finally, we test whether the GAN
prior is effective for solving image restoration problems.
Sampling from the GAN prior results in images that seem
to come from the true data distribution, potentially making
them well suited to the task of image restoration in general,
and compressed sensing in particular [4, 6, 26]. In com-
pressed sensing, an image x ∈ Rd needs to be reconstructed
from a small number of (noisy) measurements of the signal,

y = Mx + ϵ. Here it is assumed that the number of obser-
vations is much smaller than the true dimensionality of the
data m ≪ d, and the matrix M ∈ Rm×d projects the full
image onto this low-dimensional space. ϵ ∈ Rm is a noise
vector. This task can be solved by optimizing the posterior
distribution to find the maximum a-priori (MAP) estimate.
When ϵ ∼ N

(
0, Iλ2

)
, this is equivalent to optimizing:

ẑ = argmax
z

{log pθ(z) + log pθ(y|z)} (3)

= argmax
z

{
1

λ2
∥y −MGθ(z)∥2 + log pθ(z)

}
(4)

Once ẑ is found, the estimate for the restored image is given
by x̂ = Gθ(ẑ). This method for image restoration was sug-
gested by Bora et al. and directly uses the GAN prior to
solve the problem of compressed sensing. We use a proba-
bilistic principal component analysis (pPCA, [31]) prior as a
baseline, fitted to training images from CIFAR10 with 500
components. In essence, this baseline is a Gaussian prior
over CIFAR10 images.

In our experiments, we follow common practice and
sample the elements of the measurement matrix to be i.i.d.
Gaussian, Mij ∼ N (0, 1/m), where m is the number of
measurements [4]. On top of this, the added noise is Gaus-
sian with a standard deviation of λ = 0.01. The latent code
ẑ was optimized using Adam from multiple different initial-
izations, of which we report the peak signal-to-noise ratio
(PSNR) of the best restoration. Figure 2 (left) qualitatively
shows that while images the GAN itself generated (i.e. are
from pθ(x)) can be easily restored, the GAN is unable to
restore images that were seen during training. These results
are further backed by the average PSNRs achieved by dif-
ferent GANs on this task (Figure 2, right). Moreover, the
PSNR achieved by the GANs on training images is worse



GAN corr. FID
CIFAR10

WGAN 0.8 107.7
WGAN-GP 0.84 53.9

BigGAN 0.95 8.7
ICRGAN 0.96 7.4

ContraGAN 0.96 6
ReACGAN 0.96 3.9

StyleGAN-XL 0.96 1.9
ImageNet

BigGAN 0.87 8.5
StyleGAN-XL 0.92 1.9

Figure 3. Left: a scatter plot of the LLs assigned by StyleGAN-XL conditioned on the “frog” class versus the same in the “dog” class.
Middle left: histograms for the likelihoods assigned by StyleGAN-XL (top) and the patch-GMM (bottom) trained on the “dog” class of
CIFAR10. The ranking of different groups of images is retained between both models. Middle: the 20 CIFAR10 test images that were
assigned the highest likelihoods according to the patch-GMM (top) and StyleGAN-XL (bottom). While the models are different from each
other, the top images for each are essentially shuffled versions of the same set of images. Middle right: scatter plot of the log-likelihoods
of a patch-GMM trained on 8x8 independent patches as a function of the log-likelihoods assigned by StyleGAN-XL. Right: table of the
correlations of different GANs with the path-GMM averaged across classes, together with their respective FID.

than the Gaussian prior, for any number of measurements.

3. The GAN prior

The above results paint a grim picture; priors of modern
GANs, those that are state-of-the-art in terms of image gen-
eration, are ineffective at solving other computer vision
tasks. Analyzing the densities assigned to images can give
us a partial understanding as to why this is the case. In
classification, different classes were assigned the same log-
densities (Figure 3, left), resulting in subpar classification
performance. On the other hand, images such as those of a
single color or SVHN images, were assigned high-density
relative to the train images (Figure 3), explaining the poor
outlier detection performance. Previous works have shown
that other deep generative models, whose likelihoods can be
explicitly calculated such as VAEs and normalizing flows,
also suffer from some of these problems [19, 20, 23, 29, 30].
As an explanation, Schirrmeister et al. posited that the prior
implied by such models is general to all natural images, and
is thus dominated by the statistics of small regions within
the image.

To test whether this is also the case for GANs, we com-
pare the likelihoods assigned by GANs to those assigned by
a model explicitly trained on local statistics - small, inde-
pendent, patches of the image. To do so, we train a Gaussian
mixture model (GMM) on 8 × 8 non-overlapping patches
of the data, models which we call patch-GMMs. We use
GMMs, instead of GANs, to model small patches in the im-
ages for two reasons: (1) it was shown in previous works
that these GMMs model small patches very well [36], and

(2) calculating the log-likelihood assigned by GMMs can
be done in closed form, unlike for GANs.

Qualitatively, we see that the patch-GMM likelihoods
behave similarly to those of the GANs (Figure 3, middle
left). In fact, the same set of 20 CIFAR10 images have the
highest likelihoods out of the test images under both models
(Figure 3, middle right). Even more surprisingly, for many
of the GANs we analyzed we found that the correlation be-
tween the patch-GMM density and the GAN density is very
high, frequently above 95%.

4. Discussion

One of the motivations for designing and training genera-
tive models is to facilitate the solution of downstream tasks.
In this work, we asked whether the priors of GANs with ex-
ceptional image generation abilities are useful in various in-
ference tasks and found that the answer is overwhelmingly
in the negative. We then showed that this poor performance
can be attributed to the strong local bias inherent to the pri-
ors learned by many GANs.

Even though this work has presented an overall negative
view of GANs, they are still extremely powerful data sam-
plers. Indeed, this fact was taken advantage of in domains
such as image manipulation, style transfer and data aug-
mentation, to great effect. However, our work shows that
a more cautious stance should be taken when attempting to
use GANs as priors for the true data distribution.
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