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Abstract
Fréchet inception distance (FID) established itself as standard performance measuring method for generative adversarial networks (GANs). In this paper, we
empirically investigate the biases that are inherited by its underlying design decision of extracting image features using the Inception v3 image classification
network. As a result, we investigate how reliable FID is in terms of ranking
performances of GANs. In this context, we find that FID is not aligned with
human perception and exchanging Inception v3 with different image classification
networks simply steers the ranking towards different biases.
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Figure 1: FID [9] is commonly used to decide if one model is superior to another in terms of
producing images that are close to the training distribution. Here, we show images generated by
different models trained on FFHQ [14] (left) and CIFAR10 [16] (right) with their respective FIDs
(lower is better). Would you agree with these rankings?
The generation of photo-realistic, unseen images has made significant progress with the introduction
of generative adversarial networks (GANs) [6]. Since then, many architectures emerged competing
with each other to provide the best performance [3, 15, 13]. With it arose the question how their
performance should be interpreted and measured to provide a ranking between different architectures.
Metrics like inception score (IS) and Fréchet inception distance (FID) were proposed to evaluate
image distributions automatically. These metrics are based on extracting features from images that
are provided by the Inception v3 image classification network [23], and hence inspired their names.
While IS was proven to be not useful to compare different models [2], its successor FID is now
widely adopted within the GAN community. FID compares the distribution of features between
two image datasets that are estimated from training data and samples from the generator network.
Well-performing generators are supposed to produce images that match the feature distribution of
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the data. Some theoretical and practical shortcomings of FID, like a bias due to sample sizes [4] and
inconsistent downsampling implementations between different image processing libraries [19] are
already discussed in the literature. However, none of these works discuss the shortcomings that come
with its underlying feature extractor. The contributions of this paper are as follows:
• We empirically show biases in the underlying assumptions of the commonly used metric
Fréchet Inception Distance (FID) caused by the network Inception v3 (section 1).
• We investigate if an improvement in terms of FID is a reliable indicator of improvement in
generator performance. Here, we show cases where FID clearly fails to align its ranking
with human perception (section 2; see Figure 1 for an example).
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Figure 2: (left) Color-coded FIDs between 19 corruptions of ImageNet validation images with 5
severity levels [8] to their originals. Colors and circle sizes depend on the observed FID over all
corruptions and severities. (right) Examples of different corruptions at severity 5.
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Fréchet Inception Distance and its Biases

To compute FID between two image datasets, image features are extracted by sampling images from
those datasets and feeding them into the pretrained Inception v3 [23] image classification network. In
the following, we denote Inception v3 by function φ that returns feature column vectors given single
images and feature matrices with samples on rows given image datasets. FID is then computed via
the Wasserstein-2 distance
p
FID = ||µ1 − µ2 ||22 + tr(Σ1 ) + tr(Σ2 ) − 2 · tr( Σ1 Σ2 )
(1)
between two image sources, where tr(·) is the trace operator,
µX =

1 X
φ(x)
|X|

T

ΣX =

and

x∈X

(φ (X) − µx ) (φ (X) − µx )
n−1

(2)

are the mean vector and covariance matrix of feature vectors of dataset X. The motivation of FID is
that, given a sufficiently large number of samples, the first two moments of the feature distributions
should match if the images are sampled from the same dataset. Hence, the closer the generator
network gets to reproducing the Inception v3 feature distribution of the training data, the smaller FID
becomes.
FID is related to model robustness. While pretrained feature extractors can facilitate certain
tasks in meaningful ways, like object recognition or detection, we argue that caution needs to be
taken in the context of comparing image distributions. The Inception v3 network is trained on the
ImageNet object recognition challenge [5], where the task is to classify images into 1000 distinct
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classes. Hence, the network learns to extract features from images that discriminate classes found in
ImageNet. For this task, it is beneficial for the network to become robust against several distribution
shifts, like color or intensity changes and diverse spatial transformations. A common way to equip
image classification networks with robustness against before-mentioned shifts is to augment the
training data. For example, Inception v3 was trained with the following augmentation pipeline [1]: a)
cropping the input image with a random scale (8%-100%) and aspect ratio (3/4 to 4/3), b) randomly
flipping the input image horizontally, and c) randomly introducing color distortions in terms of hue,
saturation, brightness, and contrast. Consequentially, we assume that the network is at least robust
to some degree of corruption. In the following, we investigate i) how robust Inception v3 is against
certain corruption types, and ii) how these findings impact the applicability of FID as a metric.
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with 19 corruption types at 5 severity levels, hence, a total of
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95 image datasets. On this benchmark, we can uncover which
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types of corruptions influence the feature distribution provided
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by Inception v3 (and therefore FID) to which degree. In Fig5
ure 2 we depict the corresponding FIDs between the original
1
ImageNet validation images and all datasets in ImageNet-C.
0
We interpret larger FIDs as indicator that the distribution of
features extracted by Inception v3 is influenced more by certain corruptions, and hence we derive that the model is more
sensitive to these types of corruptions. We can make the following observations from Figure 2: First, Inception v3 is mostly Figure 3: Corruptions introduced
robust to deviations in brightness, saturation, and contrast up by transforming CIFAR10 [16] test
to a certain degree. While information about colors and inten- images a) with increasing likelisities is lost in these cases, edges are mostly preserved. In the hood of horizontal or vertical flips
frequency domain, we can see these corruptions acting on low and b) by moving the image in x, y,
frequencies [24], while high frequencies are mostly untouched. or both directions up to an increasSecond, Inception v3 is sensitive to noise that acts on the high ing distance (reflection padding).
frequency spectrum, either by adding high frequency artifacts The figure depicts the FID between
(impulse noise, shot noise, speckle noise), or by removing high a corruption at a certain level with
frequency information (glass blur, Gaussian blur). These obser- the original CIFAR10 test dataset.
vations lead us to the assumption that Inception v3 has a bias
towards extracting features based on edges and textures rather than color and intensity information.
This aligns with its augmentation pipeline that introduces color distortions, but keeps high frequency
information intact (in contrast to, for example, augmentation with Gaussian blur). Consequently, FID
inherits this bias. When used as ranking metric, generative models reproducing textures well
might be preferred over models that reproduce color distributions well.
Since ImageNet-C contains no corruptions that test robustness to translations, we further investigate
this aspect by introducing additional corruptions (see Figure 3 in appendix). We are interested
in knowing how FID is influenced by a) flipping images either horizontally or vertically, and b)
by translating the images in certain directions. Our results indicate that Inception v3 is mostly
robust towards horizontal flips and translations, while being more sensitive in the vertical direction.
Again, this fits well with the training data augmentation of Inception v3 that reinforces robustness in
horizontal directions via random horizontal flips [1].
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Reinforcing the Bias by minimizing FID

If FID is a metric that aligns with human judgement, we can assume that the visual appearance of
images generated by any GAN model should improve if we optimize the generator by minimizing
FID [17]. But can this assumption hold? To verify, we train two GAN architectures, DCGAN [20]
and SNGAN [18], on FFHQ [14] downscaled to 642 image resolution (further called FFHQ64) and
CIFAR10 [16]. We consider three training procedures, a) GANG+D where we train the model in
its common setting in which a discriminator network provides the training signal for the generator
network (baseline), b) GANFID
G+D where we extend a) by adding an additional loss for the generator
3

network given by Equation 1 (further called FID loss), and c) GANFID
G where we drop the discriminator
network and train the generator solely by minimizing the FID loss. Depictions of b) and c) are given
in Figure 6. In each iteration that we minimize FID loss directly, we generate 400 images for DCGAN
and 360 images for SNGAN to approximate the current FID. During training we measure FID to
track the training progress after each epoch by sampling 10 000 images from the generator.

FID

FID

The progress for each training setting is shown in Figure 4. Given
DCGAN Training
50
the training curves provided by evaluating FID after each epoch,
DCGAN: D+G
40
DCGAN: D+G, FID
one could assume that applying FID loss stabilizes the training. We
DCGAN: G, FID
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necessary for GAN training, since the results measured in FID differ
20
only slightly. However, the story changes after examining the images
each of these models generate (see Figure 1 and appendix for further
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ment in image quality between GANG+D and GANFID
G+D despite the
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large gaps in terms of FID. We even argue that images produced
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by GANFID
G+D contain more artifacts and are less visually pleasing,
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which we see as a sign of overfitting to the FID loss. We hypothesize
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SNGAN: G, FID
that the generator learns to produce unsuitable features to match the
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training data distribution. This observation becomes more severe in
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the case of GANFID
G . Here, we notice that the missing discriminator leads to spatially incoherent feature distributions. For example
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in a daunting manner. We assume that this is the result of the choice
Epoch
of layer that features are extracted from Inception v3. Features are
spatially pooled and therefore lose all spatial information before they Figure 4: Results of trainare extracted. While human annotators would surely prefer images ing DCGAN and SNGAN
produced by SNGAND+G over SNGANFID
G (in cases where data fi- with different training procedelity is preferred over art), we see that this is not reflected by FID. dures. FID loss stabilizes the
Hence, FID is not aligned with human perception. We argue that training and achieves better
discriminative features provided by image classification networks performances (smaller FID),
are not sufficient to provide the basis of a meaningful metric. To fur- whereas the discriminator only
ther emphasize this point, we substitute Inception v3 by an extensive marginally improves the genchoice of different image classification networks. We evaluate FIDs erator performance.
on ImageNet-C at different severities for each backbone network
(details are provided in the appendix). Here we see that biases present in Inception v3 are also widely
present in other classification networks. Additionally, we see that different networks would produce
different rankings in-between corruption types.
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Conclusion

We provided an overview of inherent biases that are present due to the design decision of FID to
use Inception v3 as feature extractor. We showed that the way Inception v3 was trained enforced
it to become robust to corruptions related to color, intensity, saturation, and horizontal translations,
while being sensitive to corruptions of textures and to vertical translations. These biases influence the
ranking when different architectures are compared and need to be taken into account. Additionally,
we showed that FID as a metric is not aligned with human perception by minimizing FID as a loss
term. Here, we showed that generators trained with FID loss produce images with substantially
improved FIDs, but worse visual appearance. The plotted training curves showing the development
of FID are misleading in those cases. Finally, we showed that substituting Inception v3 with another
image classification network would simply mean to exchange different biases. Hence, we hope to
inspire further research to close the gap towards a humanly aligned and unbiased metric that enables
to fairly rank generator architectures.
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Supplementary Material
Internalized Biases in Fréchet Inception Distance
Code, trained models and datasets containing generated images will be published on GitHub1 . In
this supplementary, we depict the Inception v3 architecure (A), provide more details about our
experiments in section 2 as well as an overview of all results (B-C), show that it is possible to improve
generator architectures by minimizing FID (D), show more generated images for each model trained
(E-H), compute "FIDs" with different backbone classification networks on ImageNet-C (I), and
describe an experiment for deep fake detection using FID (J), .
•
•
•
•
•
•
•
•
•
•

Appendix A: Inception v3 architecture
Appendix B: Training Settings (section 2)
Appendix C: Implementation Details to Minimizing FID (section 2)
Appendix D: Improving generator architectures with FID loss
Appendix E: Generated Images (DCGAN/FFHQ)
Appendix F: Generated Images (SNGAN/FFHQ)
Appendix G: Generated Images (DCGAN/CIFAR10)
Appendix H: Generated Images (SNGAN/CIFAR10)
Appendix I: FIDs when substituting backbone networks on ImageNet-C
Appendix J: Deep Fake Detection with FID
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Figure 5: Depiction of the Inception v3 architecture (inspired by [12]) that is used to extract image
features to compute FID [9]. Grid size reductions are not shown here.

Appendix B:

Training Settings (section 2)
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Figure 6: Different settings to train generator networks. In GANFID
G+D we add an additional loss called
FID loss (see Equation 1). In GANFID
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network and train the generator
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solely by minimizing FID loss.
1

https://github.com/steffen-jung/FID-bias
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Appendix C:

Implementation Details to Minimizing FID (section 2)

We train each of the models for 48 hours and report the best FID measured during training. FIDs are
measured after each epoch. We train DCGAN with the minimax loss
LG = Ez∼N (0,1) [log(1 − D(G(z)))],

(3)

LD = −Ex∼data [log(D(x))] − Ez∼N (0,1) [log (1 − D(x̂))],

(4)

and for optimization we use Adam with β = (0.5, 0.999),  = 10
weight decay = 0.
We train SNGAN with the hinge loss

−8

, learning rate = 0.0002, and

LG = −Ez∼N (0,1) [D(G(z))],

(5)

LD = −Ex∼data [min(0, −1 + D(x))] − Ez∼N (0,1) [min(0, −1 − D(G(z)))].

(6)

and for optimization we use Adam with β = (0.0, 0.9),  = 10−8 , learning rate = 0.0002, and
weight decay = 0.
We combine all results in the following table.

8

Table 1: Combined results of trained models from section 2.
Data

FFHQ

CIFAR10

Resolution

642

322

Model

FID↓

DCGANG+D

14.86

DCGANFID
G+D

5.38

DCGANFID
G

7.89

DCGAN-UpFID
G

7.61

SNGANG+D

9.44

SNGANFID
G+D

6.00

SNGANFID
G

7.74

DCGANG+D

28.72

DCGANFID
G+D

8.27

DCGANFID
G

10.82

DCGAN-UpFID
10.77
G
SNGANG+D

17.85

SNGANFID
G+D

8.07

SNGANFID
G

11.66
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Images

Appendix D:

Improving generator architectures with FID loss

Images produced by DCGANFID
G (see Figure 1 and Figure 10) are only hardly recognizable due to
noise covering the images. In this case, minimizing FID without discriminator exposes possible
flaws in its architecture. Indeed, when we exchange transpose convolutions in DCGAN with bilinear
upsampling followed by convolutional kernels we observe that the noise vanishes (see Figure 7).
DCGAN FID
G

DCGAN-Up FID
G

FID=7.89

FID=7.79

Figure 7: DCGAN TransposeConv vs UpsampleConv FFHQ.
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Appendix E:

Generated Images (DCGAN/FFHQ)

Figure 8: DCGANG+D trained on FFHQ64. FID: 14.86.
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Figure 9: DCGANFID
G+D trained on FFHQ64. FID: 5.38.
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Figure 10: DCGANFID
G trained on FFHQ64. FID: 7.89.
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Figure 11: DCGAN-UpFID
G (upsampling instead of transpose convolutions) trained on FFHQ64. FID:
7.61.
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Appendix F:

Generated Images (SNGAN/FFHQ)

Figure 12: SNGANG+D trained on FFHQ64. FID: 9.44.

15

Figure 13: SNGANFID
G+D trained on FFHQ64. FID: 6.00.
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Figure 14: SNGANFID
G trained on FFHQ64. FID: 7.74.
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Appendix G:

Generated Images (DCGAN/CIFAR10)

Figure 15: DCGANG+D trained on CIFAR10. FID: 28.72.
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Figure 16: DCGANFID
G+D trained on CIFAR10. FID: 8.27.
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Figure 17: DCGANFID
G trained on CIFAR10. FID: 10.82.
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Figure 18: DCGAN-UpFID
G (upsampling instead of transpose convolutions) trained on CIFAR10.
FID: 10.77.
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Appendix H:

Generated Images (SNGAN/CIFAR10)

Figure 19: SNGANG+D trained on CIFAR10. FID: 17.85.
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Figure 20: SNGANFID
G+D trained on CIFAR10. FID: 8.07.
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Figure 21: SNGANFID
G trained on CIFAR10. FID: 11.66.
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Appendix I:

FIDs when substituting backbone networks on ImageNet-C
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Figure 22: Color-coded FIDs between ImageNet validation images and 19 corrupted versions
thereof provided by ImageNet-C. Inception v3 is substituted by different classification networks
[21, 7, 25, 26, 22, 10, 11, 23] to see how FID would have been All corruptions are at severity 1.
Colors and circle sizes depend on the largest observed FID per network. Additionally, principal
component analysis (PCA) is shown, which provides descriptive features with different sensitivity to
corruptions compared to image classification networks.
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Figure 23: Color-coded FIDs between ImageNet validation images and 19 corrupted versions
thereof provided by ImageNet-C. Inception v3 is substituted by different classification networks
[21, 7, 25, 26, 22, 10, 11, 23] to see how FID would have been All corruptions are at severity 2.
Colors and circle sizes depend on the largest observed FID per network. Additionally, principal
component analysis (PCA) is shown, which provides descriptive features with different sensitivity to
corruptions compared to image classification networks.

26

brightness
contrast
defocus_blur
elastic_transform
fog
frost
gaussian_blur
gaussian_noise
glass_blur
impulse_noise
jpeg_compression
motion_blur
pixelate
saturate
shot_noise
snow
spatter
speckle_noise
zoom_blur

Net

ImageNet-C, Severity: 3
vgg16
vgg11
resnet50
resnet101
polynet
nasnetamobile
inceptionresnetv2
densenet121
deit_t
deit_s
bninception
inception
pca

largest

0.0

Figure 24: Color-coded FIDs between ImageNet validation images and 19 corrupted versions
thereof provided by ImageNet-C. Inception v3 is substituted by different classification networks
[21, 7, 25, 26, 22, 10, 11, 23] to see how FID would have been All corruptions are at severity 3.
Colors and circle sizes depend on the largest observed FID per network. Additionally, principal
component analysis (PCA) is shown, which provides descriptive features with different sensitivity to
corruptions compared to image classification networks.
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Figure 25: Color-coded FIDs between ImageNet validation images and 19 corrupted versions
thereof provided by ImageNet-C. Inception v3 is substituted by different classification networks
[21, 7, 25, 26, 22, 10, 11, 23] to see how FID would have been All corruptions are at severity 4.
Colors and circle sizes depend on the largest observed FID per network. Additionally, principal
component analysis (PCA) is shown, which provides descriptive features with different sensitivity to
corruptions compared to image classification networks.
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Figure 26: Color-coded FIDs between ImageNet validation images and 19 corrupted versions
thereof provided by ImageNet-C. Inception v3 is substituted by different classification networks
[21, 7, 25, 26, 22, 10, 11, 23] to see how FID would have been All corruptions are at severity 5.
Colors and circle sizes depend on the largest observed FID per network. Additionally, principal
component analysis (PCA) is shown, which provides descriptive features with different sensitivity to
corruptions compared to image classification networks.
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Appendix J:

Deep Fake Detection with FID

We map 70 000 images from FFHQ and 70 000 images generated by StyleGAN2 (with and without
truncation) into the Inception v3 feature space by using the FID PyTorch implementation. We split
each into 60 000 training and 10 000 testing images, and hence, end up with balanced training datasets
containing 120 000 images and balanced test datasets containing 20 000 images. We train sklean
logistic regression models and report the accuracy on the test dataset. A selection of corresponding
images is shown in Figure 27. We argue that a meaningful metric should be visually aligned with
human perception. Hence, if a human can be fooled by a generator network, then this generator
should be considered superior to one that is not able to do so. We see that truncation decreases FID
significantly, and consequently improves the ability of detecting StyleGAN2 generated images as
fake. In contrast, we show images produced by StylegAN2 without and with truncation in Figure 27.
By inspecting the images we observe that truncation removes textures (and also artifacts). We
hypothesize that its bias towards textures facilitates Inception v3 to extract features that allow almost
perfect detectability (98% when truncation is applied). However, we expect humans to be more easily
fooled by truncated images than untruncated ones. Hence, we argue that this is a hint towards that
FID is not aligned with human perception.
Table 2: A logistic regression is trained to perform fake detection based on image features provided
by Inception v3.
Model

Data
Res.

FID↓ Accuracy↑ Precision↑ Recall↑ F1↑

StyleGAN2 FFHQ
ψ = 1.0
10242

2.65

.71

.70

.72

.71

StyleGAN2 FFHQ
57.77
ψ = 0.5
10242

.98

.98

.98

.98

StyleGAN2
ψ=1.0

ψ=0.5

Figure 27: StyleGAN2 images.
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