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Abstract: Generative adversarial networks (GANs) can be used in a wide range of applications where drawing samples
from a data probability distribution without explicitly representing it is essential. Unlike the deep convolutional neural
networks (CNNs) trained for mapping an input to one of the multiple outputs, monitoring the overfitting and underfitting
in GANSs is not trivial since they are not classifying but generating a data. While training set and validation set accuracy
give a direct sense of success in terms of overfitting and underfitting for CNNs during the training process, evaluating the
GANSs mainly depends on the visual inspection of the generated samples and generator/discriminator costs of the GANs.
Unfortunately, visual inspection is far away of being objective and generator/discriminator costs are very nonintuitive.
In this paper, a method was proposed for quantitatively determining the overfitting and underfitting in the GANs
during the training process by calculating the approximate derivative of the Fréchet distance between generated data
distribution and real data distribution unconditionally or conditioned on a specific class. Both of the distributions can be
obtained from the distribution of the embedding in the discriminator network of the GAN. The method is independent
of the design architecture and the cost function of the GAN and empirical results on MNIST and CIFAR-10 support the

effectiveness of the proposed method.
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1. Introduction

Classification of a multidimensional input data into one of the multiple classes and generating multidimensional
output data from one of the multiple classes are the two attractive topics of machine learning. While the great
successes at the classification tasks came after CNNs [1] and improved computer hardware, the most impressive
results for generative models were obtained after GANs [2].

The GAN framework consists of two different neural networks, a discriminator D and a generator G
competing with each other in an iterative game. During the training process, the generator receives a random
input vector z sampled from p,(-) and generates a fake image % = G(z;0%), where 6 is the generator’s
parameters, over the generated data distribution pg(-) in the hope of cheating the discriminator that the image
is indeed authentic. As the next step, these generated fake images and the real images sampled from the real
data set are sent to the discriminator with proper labels, and the discriminator predicts D(x, ), probability
of the image being real, where 67 is the discriminator’s parameters. The purpose of the discriminator is to

distinguish fake and real ones and to give a feedback to the generator. The generator utilizes this feedback
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to decrease the "distance” between the generated data distribution pg(-) and real data distribution py(-) to
improve its capability of creating fake image that looks like authentic.

Depending on the definition of "distance” as the cost function, different variations of GANs have been
proposed, e.g., Wasserstein GAN [3], maximum mean discrepancy GAN [4], Jensen—Shannon divergence which
was used in vanilla GAN [2] and researchers have come up with different evaluation metrics, e.g., inception
score (IS) [5], Fréchet inception distance (FID) [6] which uses inception network [7] to calculate Fréchet distance
(FD) [8], average log-likelihood [2]. Among the many other evaluation metrics, particularly IS and FID are
widely accepted by the researchers [9]. However, neither IS nor FID can catch the overfitting and underfitting in
the GANSs [10]. IS measures the Kullback-Leibler divergence between marginal class distribution and conditional
class distribution, given the generated image. Theoretically, if the GAN generates only one good image from
each class, that means the GAN is overfit, the IS will be very high [11], which is very misleading. On the other
hand, FID measures the distance between generated data distribution and real data distribution which is a
one-dimensional data. If a GAN’s FID value is low (or high), both of the overfitting and uderfitting can be the
reason of being low (or high) FID value.

In this paper, a quantitative method was proposed in order to determine overfitting and underfitting in
the GANSs using the observation that derivative of approximate FD is negative if the GAN is overfit. In this case
the generated data distribution only partially covers the real data distribution which can be described as the
GAN generates realistic-looking fake images but the diversity of the images is low. Similarly derivative of FD
is positive if the GAN is underfitting, namely, the generated images are very diverse but unfortunately do not
look authentic. Theoretically, when the pg(-) becomes equal to py(-), which is the ultimate goal of a GAN for a
right fit, the derivative will be zero. Eventhough reaching to zero might not be possible every time in practice,
out of two models with the same sign, we can safely be in favor of the one closer to zero as it will also close to
right fit. In order to evaluate many different GAN models proposed by the researchers in an objective manner,
such a metric showing overfitting/underfitting plays a crucial role. Since this method does not depend on any
particular network, e.g., inception network [7], and can be used for any neural network based discriminator, the
FD will be referred to describe the method at the rest of the paper instead of FID.

2. Preliminaries

A good evaluation metric is critically important for GANs to guide the researchers for better GAN models.
Considering the role played by ImageNet Large Scale Visual Recognition Challenge [12] (ILSVRC) at the
advancement of CNNs for image classification models, the importance of an evaluation metric can be understood
better. In this respect, many different evaluation metrics have been proposed so far by the researchers [9],
including recovery error [13], IS [5], FID [6], and Kernel inception distance (KID) [14]. Although the IS and
FID gained gradually increasing reputations and are commonly used, unfortunately both of them fail when it
comes to determine whether the proposed GAN model is overfitting or underfitting.

In order to detect overfitting, in [13], using recovery error was proposed. By optimizing the random
input vector z, a GAN model tries to generate mimic of each image in the training set and validation set, and
obtains recovery error distributions between training set-generated images (mimic of training set) and validation
set-generated images (mimic of validation set). If the two recovery error distributions are different from each
other, it is said that the GAN model is overfitting. In this setting, for each image in the training and validation

set, an optimization problem should be solved for finding the optimum value of z to mimic that image, which
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could be very time consuming. In addition, it is not possible quantitatively discriminating underfitting and
overfitting.

The IS uses an Inception Network [7] pretrained on ImageNet [12]. The IS measures the expected
Kullback—Leibler divergence between generated images’ marginal label distribution p(y) and conditional label

distribution given the images p(y|x) which can be expressed as:

IS(G)=exp(Ex~p, [KL(p(y[x) || p(¥))]), (1)

both of the p(y) and p(y|x) can be obtained by applying inception network to the generated images. IS
favors the GAN models which are more certain about the conditional probability of label given the image (low
entropy), and less certain about the marginal probability of label (high entropy). However, since the IS does
not take into account the real data distribution py(:), it could not capture whether the GAN model is overfit
or underfit.

In order to take into account the p,(-), FID [6] was proposed. The FD between two multivariate Gaussian

distributions N (g, £,) and N (pg, 34) is defined as [8]:

1
ED(py, X, pig, Bg) = [lpar — Ng”g + Tr(Er + Xy — 2(5,:%)?). (2)

FID calculates FD between real and generated images’ probability distributions. Here, the mean vectors p and
the covariance matrices ¥ are obtained by embedding a set of generated and real images (xg4,, ) in a learned

feature space. This can be given by a specific layer of inception network’s embedding function f as:

N,
1 g7 .
_ (2)
Hg,r = Ny» Zz:; f(xg,r)
(3)
1 No.x ) ) T
Ygr = ﬁ Z(f(xél)r) - Ng,r)(f(xg,zﬂ) — Hgr)"
T i=0

where N, is the number of generated and real images. Lower FID means a smaller distance and hence, out of
two GAN models, the one with the lower score is preferable.

In [14], it is argued that FID is a bias estimator, and the authors introduced an unbiased alternative to
FID, the Kernel inception distance (KID). However, due to its high variance to be reliable [15], it has not been
widely adopted.

Although FID takes into account the real data set and its statistics and became a standard [13] with
these properties for GAN evaluation metric, since the FID is one-dimensional real value, by just looking at FID
value, we cannot evaluate whether the GAN model is overfit or underfit.

In order to address this issue, we utilized the observation that the derivative of FD indicates whether the
GAN model is overfitting or underfitting. Furthermore, in contrast to [13], for calculating the FD, only forward
propagation, through the trained discriminator of the GAN;, is needed which makes this method computationally

more feasible for determining overfitting and underfitting.

3. Determining overfitting and underfitting in GAN models using Fréchet distance

One of the main reasons of developing a new GAN model is to obtain a pg(-) which converges to ground

truth distribution of real data p.(-) as close as possible, because only in this way, creating fake images looking
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authentic will be possible [16].

In the case that pg(-) (red dots) only partially covers p.(-) (green circles), as can be seen in Figure 1,
the GAN model still will create realistic looking images, however the images will not be diverse which means
that several different input vectors z will be assigned to same output which is defined as overfitting. On the
contrary, if the pg(-) (blue stars) covers the py(-) but also assigns high probabilities to some points which are
not actually covered by the p.(-), the generated images will be very diverse, however this time the images will

not be looking as real images which is defined as underfitting.

15oGrOled truth -Qverfjt *Underfit

* * *

Figure 1. Demonstration of overfit and underfit distributions with respect to ground truth distribution. Here, the
Fréchet distances of the overfit and underfit to the ground truth distribution are the same. Here the ground truth
distribution represents the pe(-).

Although the Fréchet distance can be used to measure dissimilarity between two distributions, since
it is symmetric, it assigns the same distance value, here for example 5.0, to both overfit ground truth and
underfit ground truth distributions shown in Figure 1 (Here, the ground truth, overfit, and underfit distributions
are assumed to have multivariate Gaussian distributions with A/(0, 2 = 11 1), N(0, X = 3.01 *I), and
N(0, ¥ =24 1), with respectively.).

The FD between two distributions while keeping one of them the same (real data distribution, p.(-)) and
changing the other distribution’s (generated data distribution, pg(-)) covariance matrix (¥) as a function of

scalar 6 can be reformulated as:
FDo(0 i, S 19, D) = [l — gl + Tr(Sy + 3 (S, 6) — 2(5,5, (34, 6))?). (4)
Here, Elg(Zg, ) is defined as
5 (2g,0) = (S +0%1) = (5, +0) x I =0, +1, (5)
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assuming that ¥, = o, xI, Xy, =0, %1, 0, > 04, ptr = pg and 0,0,,0, € R*. The F Dy between these two

multivariate Gaussian distributions as a function of 6 can be seen in Figure 2.

Groun dtruth

Figure 2. Demonstration of Fréchet distance between two given multivariate Gaussian distributions as a function of 6
as explained at equation 4. Here, the ground truth distribution is assumed to have o, = 11 and the other distribution’s
o4 value is 1 and its covariance matrix changes as a function of 6.

Roughly speaking, starting from a relatively small o, (here, 0, = 1) and increasing the value of 6
gradually, the distance between these two distributions will decrease with a negative slope until reaching a
global minimum point where E,g becomes equal to ¥,. Theoretically, this global minimum point where the
slope is zero, is an indicator of the right fit of a GAN model.

The FD value will be zero at this point if the p, = p, and a nonnegative value otherwise. After this
point if we keep going on increasing the 6, alg will be greater than o, and the Fréchet distance will start to
increase again with a positive slope.

Even though the Fréchet distance is not capable of telling right fit, overfit and underfit solely, the slope

of the F'Dy can be utilized for this purpose. If we take the derivative of F'Dy with respect to 8, we can reach
that

OFDy  O(Tr(61) — 2Tx(%,5, + 05,)%)

00 00

do,

\orog + 0o,

where Y ;T € R4 and here, the linear property of Trace operation and the property that 9(Tr(X)) = Tr(9(X))

were used.

(6)

The graph of the partial derivative of F' Dy with respect to # can be seen in Figure 3. While being
negative of partial derivative of F'Dy with respect to 6 is an indicator of overfitting, conversely being positive

is an indicator of underfitting. Theoretically, the derivative should be zero for the right fit. The absolute value
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of the derivative numerically determines the level of underfit or overfit.

Underfit

HFD,
o0

Overfit

Figure 3. Partial derivative of F'Dy with respect to €. In the overfit region the derivative will be negative, conversely
in the underfit region the value will be positive.

Since F'Dy is a a convex function, value of # that makes the F'Dy minimum will be
0" = arg mein FDy = 0, — 0y, (7)
which makes the % = 0. At this point the two distributions will be equal to each other if the mean vectors
are also the same. In the case of the mean vectors not being the same, only the norm 2 of the difference of the
mean vectors will be added to the F Dy, as can be seen in Eq. 4, first term on the right hand side. This will

result in an upward shift of the graph, but since this term is independent of 6, the curve and the derivative will

be the same.
In practice, the covariance matrices ¥, and X, will not be diagonal matrices that might not be simplified

as Eq. 6, however, the approximate derivative can still be calculated as

OFDy . FDo(0spir, X0, pg, Bg) = FDg(0; pir, X g, )

~

00 0—0 0
and the fact that
overfit, if 81;5 2 <0,
model = { right fit, if ~2EDe =0, 9)

underfit, if 8{;% >0,

still holds true.
OF Dy

As can be seen from Figure 3, 7% shows a logarithmic behaviour, namely, while the GAN model is

overfit, a small change in 6 axis results in a huge difference. Contrary, if the model shows an underfit behaviour,

a large change in # axis can only make a small difference in 61;5) 2 . Clearly, this kind of characteristic may lead

OF Dy
f 00

a misunderstanding at the comparison of models. In order to prevent this, we can simply take the exp o
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which results in a linear scale as can be seen in Figure 4 and can be restated as

overfit, if  exp (81(;59 ) <1,

model = < right fit, if exp (3259) =1, (10)

underfit, if exp (%) >1.

2.5 T T T T T
2| Underfit -
15 1
9FDy
exp o
TEf 1
Overfit
05 - i
0 il 1 1 1 1L
0 5 10 15 20 25 30
0
Figure 4. In order to prevent a misunderstanding at the comparison of GAN models based on 81;59 which has a

dF Dy
86

logarithmic shape, by taking the exp of , we can project it to approximately linear scale.

4. Results and discussions
4.1. Implementation details of the GAN models

In the simulations, two popular GAN architectures, the conditional GAN (CGAN) [17] and deep convolutional
GAN (DCGAN) [18] and two commonly preferred cost functions, Jensen—Shannon and Wasserstein-1 were used
in order to demonstrate that the proposed method works very well independent of the design architecture and
the cost functions. The CGAN is conditional version of DCGAN which greatly leverages the benefits of CNNs
in both generative and discriminator part of the GAN. Different than the DCGAN, in CGAN, the generator and
the discriminator networks are fed with the input vector z and the class conditional one-hot label vector. In
this way, the generator network only produces images belong to a specific class, and the discriminator network
utilizes this conditional vector to differentiate fake and real images in a specific class. In the DCGAN, however,
generated images can be belonged to any classes.

In the following experiments, simulations were conducted for MNIST and CIFAR10 datasets. The design
architecture for MNIST simulations is as follows: The dimension of the random input vector z of generator
network was set to 100 and assumed that z follows a uniform distribution between [—1,+1]. Afterward, z
was concatenated with the conditional one-hot label (for CGAN) vector before the dense layer with 7X7X128
neurons which later reshaped as 128 filters with size of 7X7. Following this step, 4 stack of Batch-Normalization
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(BN) [19], Rectified linear unit (ReLU) [20], and transposed 2-D convolutional layer were used to generate fake
images. The number of filters at each stack are set as 128, 64, 32, 1, with kernel size of 5. As the activation
function the sigmoid was used since in experiences it converges faster than tanh although tanh was proposed
in [18].

On the discriminator network, the conditional one-hot label vector (for CGAN), connected to 28 X28X1
number of dense neurons before reshaped as 1 filter with size of 28X28X1 and concatenated with the input
image with same size. Afterward, 4 stack of (ReLU) [20] and convolutional layers with 32, 64, 128, and 256
filters were used with kernel size of 5, and flattened before the output layer with one neuron.

The GAN design architecture used for CIFAR10 simulations, different than the used for MNIST sim-
ulations, is as follows: The random input vector z was concatenated with the conditional one-hot label (for
CGAN) vector before the dense layer with 2X2X512 neurons which later reshaped as 512 filters with size of
2X2. Following this, 4 stack of transposed 2-D convolutional layers were used with 256,128, 64,3 filters and
the size of the filters were doubled at each stack as 2X2,4X4,8X8,16X16, and 32X32. As activation function
Leaky ReLU [20] was used. The kernel size of the filters was set as 5. For the discriminator network, the
conditional one-hot label vector connected to 32X 32X3 dense neurons before reshaped as 3 filters with size of
32X 32 and concatenated with the input image with size of 32X32X3. Afterward, 4 stack of 2-D convolutional
layers were used with 64,128,256,512 filters with sizes of 16X16,8X8,4X4, and 2X2. The last layer was

flattened before the output neuron with sigmoid function.

4.2. Data sets

As the training set, two commonly preferred data sets in the generative models, MNIST and CIFAR-10 [21],
were used. The MNIST data set contains 60,000 labeled gray-scale images of hand-written digits with size of
28X28X1 pixels. CIFAR-10 data set contains 50,000 colour images with 32323 size in 10 classes (cat, dog,

bird, deer, frog, horse, ship, truck, airplane, automobile).

4.3. Results

In order to demonstrate the usefulness of FD in determining underfitting and overfitting in GANSs, the three
possible stages of training the GANs were depicted, namely, right fitting, overfitting and underfitting models.
For comparison purpose, KID and IS of each model is also presented. In these simulations, CGAN was preferred,

and as the cost function Jensen-Shannon was chosen. Simulations were conducted based on MNIST and CIFAR-
10 datasets.

1. The GAN is trained just as right. In this desirable scenario, the generated data distribution closely
replicates the real data distribution. The generated images will be realistic and diverse as can be seen in
Figure 5. For a right fit training there are two indicators; First, the FD will be relatively small, second the
absolute values of the derivatives of FD with respect to # will be close to zero, as can be seen in Table 1

(compared to other GAN models which are underfit and overfit, for example as presented at Table 2 and

Table 3, respectively). As depicted at Eq. 9, the 625 2 should be equal to zero for right fit, theoretically.

Although reaching to zero might not be possible every time in practice, while comparing the two models,
quantitatively we can favor in the one which is closer to zero. At this point, since the absolute values
will be close to zero, the signs of the derivatives of different classes can be different, although it is not

necessary, because of the randomness coming from the nature of the GANs. For example digit 2 in Table 1
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Figure 5. Demonstration of right fitting of a generative adversarial network. In this scenario the generated images look

has a negative value. However, even if it were positive, since the absolute value is small, we can still favor

in this model compared to underfitting model which creates the results depicted at Table 2.

The GAN is underfitting. The model does not show its full capacity yet, possibly due to insufficient
number of training epochs. In this case, even though the generated images will be diverse, they will also
look unrealistic. Correspondingly the FDs will be relatively high, and the derivatives for all of the classes

will be positive. An example of this scenario can be seen in Figure 6 and the correspondingly the FDs

EKEN/Turk J Elec Eng & Comp Sci

and the derivatives presented at Table 2 indicate this undefitting.

The GAN is overfitting. In this scenario, the generative model creates genuine images, but the randomly

created images look identical in a given class.

ENBENEAEER
ElINE] EFE Bl R
EIHE HUH Ok A
CIEHE G E BN E R
EHE ENEEARB R
ol sl41slel 71919
EHE Bl E EFlE R
ElEi B EE E [ el
ENEEEBBrHER
EHEECNEHAREE

like genuine. In addition, in a specific class, the randomly generated images look like diverse.
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Table 1. FDs and the derivatives for right fit.

0 1 2 3 4 5 6 7 8 9
FD 0.80 | 0.42 | 1.81 0.99 | 1.08 | 2.02 | 1.19 | 1.11 | 2.04 | 0.68
O0F Dy
20 0.03 | 0.11 | —0.63 | 0.20 | 0.59 | 0.29 | 0.54 | 1.27 | 0.79 | 0.76
Table 2. FDs and the derivatives for underfitting.
0 1 2 3 4 5 6 7 8 9
FD 23.4 296 | 21.8 | 23.9 | 23.2 | 23.8 | 25.1 | 31.8 | 24.8 | 26.1
OF D
089 9 1972 291|285 267 274|277 |292|320] 265 | 2.87

The lack of diversity is a curical problem for generative models. Figure 7 shows an example of overfitting.
In order to force the GAN model to overfit in this simulation, we simply restrict the size of training set.

As can be seen from Table 3 the derivatives are all negative, as expected. In this simulation the overfitting
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can be more clearly seen at digit 7, for example. Comparing with the digit 7s presented at Figures 5 and

7, right fitting and overfitting can be understood better.

Table 3. FDs and the derivatives for overfitting.

0 1 2 3 4 ) 6 7 8 9
FD 58.0 34.8 | 49.0 | 47.5 | 48.0 56.1 44.7 50.2 34.7 46.7
3259 —10. —27] -69 | —-6.0 | —-9.29 | —11.0 | —=5.09 | =5.7 —2.70 | —6.96

ENER EFEBEED
EINE EIEE QFE
=1 HEl FC1 i BFlE R
E21 A E E1 K K B P I K
EHEEIEEOFRE
E=1 HA E3) 1 1 s A WA L D
ERNE EHEEBRE
EllH EiC1H CEE F
EINEEE R AR
ENE HEEERE R

Figure 6. If the GAN model is underfitting, the created images will show artificial effects, even if they come from a

diverse range. In this case the FDs will be high, and

OFD
a0

CIEEEIBE ARG
EHE MBS AR
EUEIREEHEAEA
EHEECSEEAEA
= HE ElE B A EE E
HUEBESAEERA
ElHEE EVEEFEEA
EHE EIEE AAEE
=1 i El E1 Pl Pz )
ENEENEBREA

/]

s for each class will be positive.

Figure 7. When the GAN model is overfitting, the generated images look very nice, however, at the same time, look

very identical. In this case

dF Dy

o0

will be negative as an indicator of overfitting.
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Besides the FD values, the IS and KID values can be seen in Table 4. Here, the models evaluated based
on the overall classes, but not in a specific class. Since the IS does not consider the training data distribution,
it cannot catch the overfit, and assigns close values to overfit and right fit models.

In addition to MNIST dataset, we also conduct the similar simulations for CIFAR10 [21] using the CGAN
model for three different training stages. Horse images generated by underfit and overfit models are depicted at
Figure 8. Although the images generated by the underfit model are unrecognizable with many artificial effects,
and the images created by the overfit model can be easily classified as horse, FDs of these two models are very
close to each other, namely 57.5 and 61.2, respectively (in fact, FD score of underfit model is slightly better
than the overfit model).

Table 4. IS and KID values of CGAN models for MNIST and CIFAR10 datasets.

IS / KID | Right fit | Under fit | Over fit
MNIST | 5.7/045 |45 /11 |56/0.49
CIFARI10 | 6.1 /0.05 | 5.2 /0.21 | 6.1 / 0.06

Generated Horse Images

D

1l o

EESENAES RN
EEEEEERREE

HEREREEAEN
AfSEENDINRE

-.r Y
~§ 1 B
i N W AN
i EEE
NN N
HE RN
W Ld d
I B = B
B d il B
H RN

=6
R
a2
o8

a) Underfit b) Overfit

Figure 8. Generated horse images using the CGAN trained for CIFAR10. a) Depicts the images belong to underfit
stage. These images are almost unrecognizable. b) Depicts the images belong to overfit stage. These images can be
easily classified as horse. However, it should be noted that there are many similar images, for example, golden colour
and white colour horses are dominant. Assigning different inputs to same output is a result of overfitting.

With this respect, in order to validate the two models in a quantitative way, just looking at the FD values

could be misleading. However, the partial derivatives of the F Dy with respect to 6 clearly determines which

Do ¢ of yunderfit and

which model is underfit and which one is overfit. For these simulations, for example, the <55

overfit models are 15.7 and —12.5, respectively.
On the other hand, images generated by a CGAN model close to rightfit can be seen in Figure 9. As can
be seen from the figure the generated horse images are very diverse in addition to being realistic looking. As

supporting these results, the FD is 41.9 and % is 2.51. Although the ag?"

is not exatly zero, we can still
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quantitatively evaluate that this model is closer to the right fit compared to the other ones. The related IS and
KID values for CIFAR10 dataset can be seen in Table 4.

Generated Horse Images

-
3

REEENENRE
EPEESEESER
SFANEEEEE
JEENEESAN
THNRERNERSE
IEETNESNE
HEEEEEENE

TECLL1L
FENEFEEEE

#

Figure 9. Generated horse images using the CGAN trained for CIFARI10, close to right fit.

To be able to employ this method, we only need the embedded distributions of the real and fake images
and these distributions can be easily obtained from the dense layers of the discriminator network of a GAN
model. For this reason conceptually, this method is independent of the GAN design (conditional or unconditional
GANSs) and the chosen cost function (Jensen—Shannon divergence, earth mover distance or Wasserstein-1, least
square loss).

At the conducted simulations presented so far, CGANs were used, namely, it was possible to force
the GAN to generated images belong to a specific class. However, since this method is independent of the
condition, similar simulations can also be conducted with using the DCGAN [18]. For example Figure 10 shows
the generated digits at the three different stages of DCGAN training. While the FD of the right fit model is 8.7,
the underfit and over fit models’ FDs are 35.8 and 23.4, respectively. On the other hand the @9— s of underfit,
right fit and overfit models are 23.5, 1.98, and —17.4, respectively. Again, by checking the signs, we are able
to determine the overfit and underfit, and by looking the absolute values of FDs, we can tell which model is
closer to the right fit training. That is being said, the conditional GAN models should be compared with the
conditional ones and the unconditional GAN models should be compared with the unconditional counterparts
for a fair evaluation [22].

In order to show the behavior of this method at the cost functions other than the Jensen—Shannon cost
function, WGAN [3] can be used which utilizes the Wasserstein-1 cost function. Figure 11 shows the generated

digits during the three different training stages of WGAN. The FDs of underfit, right fit and, over fit models
are; 27.7, 10.3, and 15.4, respectively. The aFD” s on the other hand, are 18.9, —2.3, and —14.3, respectively,
which indicates that the proposed method can be used safely with different cost functions. On the other hand,
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for the comparison purposes, IS and KID values for these simulations are provided at Table 5.
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Figure 10. The proposed method is independent of the design architecture of the GAN. For this simualtions, DCGAN

was used and a) underfit, b) right fit, and c) overfit stages were correctly determined by the proposed method.

Table 5. IS and KID values of DCGAN for MNIST dataset for different cost functions.

Over fit

5.3 /0.63

5.5/ 0.55

Under fit

40 /1.2

5.4 /0.61
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Figure 11. Generated images with Wasserstein-1 loss function. Images belong to overfit stage is more diverse compared

to Figure 10c, however, digits 6s and 8s are almost identical.

5. Conclusion

With the rapid rise of GANs in many areas, researchers come up with many different GAN models. As a natural

consequence of this, the question of "how to objectively evaluate different GAN models” has just emerged. In

order to address this issue, Fréchet inception distance was proposed. Although FID is being commonly used

by GAN research community, it fails to determine overfit and underfit. In this paper we demonstrated how
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to approximately use F'Dy to detect whether a GAN model is overfit or underfit. Since F'Dy has a convex

shape, the sign of ag? ¢ gives a direct information whether the model is overfit or underfit. With this tool, in

addition to evaluate two models, researchers will also be able to quantitatively determine whether the model
will generate diverse and authentic images which is the ultimate goal of a GAN model. Finally, we also showed
the effectiveness of this method on MNIST and CIFAR-10 datasets, and we validated our method against to
different cost functions such as Jensen—Shannon and Wasserstein-1, and different GAN architectures such as
CGAN and DCGAN.
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