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Abstract

In just a few years, the photo-realism of images synthesized by Generative Adver-
sarial Networks (GANs) has gone from somewhat reasonable to almost perfect
largely by increasing the complexity of the networks, e.g., adding layers, interme-
diate latent spaces, style-transfer parameters, etc. This trajectory has led many of
the state-of-the-art GANSs to be inaccessibly large, disengaging many without large
computational resources. Recognizing this, we explore a method for squeezing ad-
ditional performance from existing, low-complexity GANs. Formally, we present
an unsupervised method to find a direction in the latent space that aligns with
improved photo-realism. Our approach leaves the network unchanged while en-
hancing the fidelity of the generated image. We use a simple generator inversion to
find the direction in the latent space that results in the smallest change in the image
space. Leveraging the learned structure of the latent space, we find moving in this
direction corrects many image artifacts and presents a more realistic image. We ver-
ify our findings qualitatively and quantitatively, showing an improvement in Frechet
Inception Distance (FID) exists along our trajectory which surpasses the original
GAN and other approaches including a supervised method. We expand further and
provide an optimization method to automatically select latent vectors along the
path that balance the variation and realism of samples. We apply our method to sev-
eral diverse datasets and three architectures of varying complexity to illustrate the
generalizability of our approach. By expanding the utility of low-complexity and
existing networks, we hope to encourage the democratization of GANs. Our code
is publicly available at https://github.com/jwen307/diamondintherough

1 Introduction

Generative Adversarial Networks (GANs) are powerful algorithms which map vectors in a latent
space into novel images [20} 19,4} |18, [27]]. While some latent vectors yield photo-realistic images,
others can be easily identified as synthetic. In fact, early architectures often produce images that
hardly resemble the intended object. The differentiation between latent vectors associated with
photo-realistic images and those that do not has largely remained a mystery, which has made the task
of filtering poor results difficult. The lack of "quality" control has lead to the abandonment of many
low-complexity networks. In this paper, we propose one mechanism to constrain the latent space to
vectors that produce more photo-realistic images while still maintaining diversity in class identity
and attributes.

Since the original algorithm derived by [10], many variants have been proposed to improve the
photo-realism of the generated images [20l 19} 4} [17} [18]. Typically, improvements in photo-realism
have come at the cost of increasing the network complexity [19, [7, |29} 20]. However, the large
computational requirements of these state-of-the-art networks has instilled a disconnect within the
GAN community, alienating those without industrial resources and limiting the applicability of GANs
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Figure 1: Generated images of a PGAN [[18] trained on CelebA alongside the outputs of our
algorithm. (a) Obviously-synthetic PGAN images. (b) Well-generated PGAN images. (c) The output
of our method. Images in (a) are greatly improved while images in (b) maintain diversity with slight
improvement to photo-realism

for large-scale use. In order to promote the integration of GANSs into real-world applications, we
must look for accessible, alternative methods.

Here, we take a different approach. Rather than increasing the network’s complexity, we propose
a method to traverse the latent space in search of vectors corresponding to more photo-realistic
images. Our search contains two main constraints. Firstly, we constrain our search to the surface of a
hypersphere where the majority of the probability mass lies for a n-dimensional normal distribution.
Secondly, for any given latent vector zg yielding image X, we find an approximation z; by inverting
the generator and direct our search in the direction defined by these two points in the latent space.
Combining these constraints equates to searching along a great circle. We find these great circles
include average sample (proto) images of high realism, Fig. 2] By moving towards the vector of
the protoimage along the great circle, we observe a continuous improvement in photo-realism. We
derive one possible algorithm for selecting a latent vector 2, congruent with a higher fidelity ima

X, within the proposed search space. Samples of the resulting optimized images are shown in Fig.

The proposed algorithm allows us to achieve consistent photo-realistic images even when using
lower-cost networks like Progressive Growing of GANs (PGANSs) [18]. Through utilizing the full
capability of lower-complexity and existing networks, we hope to stimulate the accessibility of GANs.

2 Related Work

2.1 Sampling from areas of high probability

Brock [4] proposed to draw latent vectors from a truncated distribution of the original prior p(z).
Given a sample drawn from p(z), the values of vector z above a given threshold are resampled to be
within the threshold. As the threshold becomes smaller, the samples are drawn from a smaller area of
higher likelihood resulting in an increase in photo-realism.

Alternatively, Menon appgoximates the natural image manifold by projecting sampled vectors
onto the hypersphere of radius * N, n the number of dimensions of the latent space. High-dimensional
aussian distributions take the form of a “soap bubble” with probability mass lying at or near
nS" 1, where S™ ! is the n-dimensional unit hypersphere. This allows the authors to constrain
the latent space in a way that results in increased consistency in the realism of the generated images.

While these two approaches have shown improvements for specific GAN architectures, they do not
1ly describe the natural image manifold. As most of the mass of the distribution is on the surface of
NS" 1, the truncation trick is not guaranteed to find an area of high probability. Importantly, for

architectures like PGAN where the input vector is scaled to be on the hypersphere before passing it to

the generator, the approach from cannot identify the regions associated to photo-realistic images.

Contrary to these approaches, our framework constrains the latent space based on observations of the

learned latent structure rather than simply sampling from areas of higher likelihood.



Figure 2: (a) A visualization of the method described in Se¢tjon 3. We illustrate the traversal across
the latent space for two examples, detailing the results at each step. (b) The progression as we traverse
the latent space towards the protoimage.

2.2 GAN Manipulation

Several other recent works have investigated the capability of controlling the behavior of GANs
through exploring the latent spad@5[[30,131,19,[14,[26,(13,34,(39,[15]. The goal of these methods

is to nd directions in the latent space that allow for interpretable semantic changes in the resulting
images. (28] discovered the vector arithmetic effect allowing attributes to be added to images by
adding an appropriate vector in the latent spd8E./30] expand this idea by nding a hyperplane

where latent vectors on one side exhibit a binary attribute, e.g. presence of glasses, and vectors on the
other side do not. By moving latent vectors in the normal direction of the hyperplanes, they are able
to semantically manipulate the resulting image for desired attribl8kasés a pretrained assessor
network to study the direction of varying image memorability. These methods rely on pretrained
classi er networks or manual annotations which may be unavailable or expensive to obtain.

In [14, [26], they utilize a self-supervision framework that transforms a generated image in the
pixel space and nds the resulting direction of change in the latent space. However, both these
approaches are limited to simple transformations such as rotation, zoom, and trans3&}itakds

an unsupervised approach with a trainable reconstructor network and direction matrix which nd
directions that are easily distinguishable, ah® B1] learn interpretable directions by performing
principle component analysis (PCA) on samples in the latent space or on the learned weights that
map the latent vector to the rst convolutional layers.

While these methods are able to nd directions that allow users to manipulate semantic features
like rotation, hair color, lighting, etc., onl\8[)] discovers a direction that allows for the control of
photo-realism. The approach i&(], however, requires sampling images and manual annotations of
“good" and “bad" synthesized images. As a user must subjectively label a large quantity of generated
images (4k images are labeled by the authors), this method can be expensive and noisy. Contrary
to this approach, our method nds the mentioned direction without supervision by exploiting the
learned semantic structure of the latent space to nd the direction of the protoimage vectors that
represent photo-realistic sample means of well-structured data.

2.3 Generator Inversion

To begin our analysis of the generator latent space, we need a mapping from the image space to
the generator's latent space. The inversion of the generator has two common approaches. The rst
approach is to use an optimization method to minimize the reconstructior?y<s p4]. Given an

initial latent vectorz 2 R", the objective function is

minkX  G(2)ke; 1)
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Figure 3: Overview of our framework. We nd a latent vectgrthat visually resembles the latent
vectorzy by using the optimization proposed(®) (green box). We traverse the latent space along
the great circle that passes throughandz, to nd z, by iteratively projecting the direction of travel
onto the hypersphere as explainedéh (blue box). We then use the interpolation techniquéirto

get an optimized image (orange box)

whereX is the imageG(z) is the generated image given latent vedpandk kg denotes the
Frobenius norm.

It is also common for a perceptual loss term to be added to this optimiza#p8][ The perceptual

loss term forces the distance between the original image and recovered image to be small in the
feature space of a trained feature extraction network such as a VGG-16 pretrained on ImageNet [
We will use both of these criteria in our approach.

Another common approach is to train a separate encoder net®@r,[38]. Using randomly
generated latent vectors and their corresponding generated images, an encoder network can be trained
to map the images to the latent vector space. While this method is not sensitive to the initialization
of z as in the optimization approach, it does typically result in over tting to the training data. For
these reasons, we elected to use the optimization approach together with a perceptual loss in our
framework, but we show that one can also use the encoder approach ef ciently in our framework.

3 Method

Let the latent vectory generate imag¥ through generatoB( ), X = G(zp). Our framework

seeks to nd & and correspondind = G(2) which contains the same semantic attributeX as
while appearing more photo-realistic th&n

We achieve this by leveraging the discovery of a subset of similar, high- delity images that we call
protoimages. The latent vectay, corresponding to a protoimage lies along a great circle passing
throughzy andz;. z; is found by inverting the generator to approximate the latent vector which
producedX . By optimizing the interpolation betweery andz,, we are able to nd &, which

satis es our conditions. The overall structure of the framework can be found in Fig. 3. A visualization
of the movement along the hypersphere was shown in Fig. 2. We detail each of the steps in the next
few sections.

3.1 Latent Vector Recovery

For a given latent vectogg N (0;1,), we pass the vector through the generator to obtain the
original generated imag¥ 2 RY, d the number of pixels in the image. Givéh, the goal is to now

nd a vectorz; which will produce a similar imag&(z;) to X . For this optimization problem, we
utilize three loss terms. The rstis a reconstruction loss, given by

Lreconst = kX G(z1)ky; 2

wherek kj is the L1 norm. We use the L1 norm to prevent outlier-valued pixels from overtaking the
optimization. The second term is a perceptual loss with the features extracted from the feature space
of the discriminator. As28] demonstrated the utility of the discriminator as a feature extractor for
classi cation, we use the discriminator for our perceptual loss to keep the framework isolated from
other networks. With this in mind, the perceptual loss term was formatted as

L percep = kD¢ (X) D (G(z1))ka; 3
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whereDs () are the features from the discriminator. As previously me?)tioned, the majority of the

probability mass of a high-dimensional Gaussian lies on the surface afS& ' hypersphere.

A proof of this can be found in the Appendix A. Thus, to keep our search in the space of high
probability, we add a simple L2 regularization term to keep the latent vector search near the surface
of the hypersphere. Formally,

P_—
Lreg = kzika n; 4)

wheren is the dimensionality of the latent space dndk; is the L2-norm. Putting all three of these
terms together, we arrive at the nal objective function,

Z; =arg mzin Lreconst + L percep L reg ®)
1

where and are chosen weight parameters. We note that while the original and recovered images
are nearly identical, the pairwise Euclidean distance between the original and recovered latent vectors
may not be small. For example, with PGAN on CelebA, the average distance is 25.

To demonstrate the difference that such a Euclidean distance can make in the pixel-space, we added
noise vectors of an equivalent magnitude to the original latent vectors and generated the images of the
resulting vectors. These can be seen in Appendix F. While an equivalent distance away, these vectors
provide dramatically different images from the original. Thus, this suggests that our recovered latent
vectors are in a particular direction where the image attributes do not change very much. We further
explore this hypothesis in the next section.

3.2 Traversing the Latent Space

In this section, we explore the effects of moving along the hypersphere in the direction of the
recovered latent vector. As a simple experiment, we take the difference between the reayvered,
and original latent vectogg and add it to the recovered latent vector. The resulting vector is projected
onto the hypersphere and naned By repeating the sequen@&,; = proj (zxk +(zx  Zx 1))
(whereproj () is the projection onto the hypersphere), we are able to traverse the hypersphere in the
direction of the recovered latent vector. The results of this visualization can be seen in Fig. 2b.

Note that as the latent vector is moved about the hypersphere, the image quality improves by bringing
clarity to the already well-de ned faces or by bringing previously unidenti able faces to images that
resemble a face. The key to this process is to note that this walk arrives at a similar set of protoimage
around the same iteration of the sequence. These protoimages are in fact sample mean images. For
the CelebA dataset, for example, the protoimage resembles a mean face of a subset of the training set.

Up until this point, each iteration improves quality but retains most of the unique attributes of the
original image. After the protoimage, the subsequent iterations provide a completely new identity,
which worsens in quality as the walk continues. This behavior is similar to the effects seen using the
truncation trick §]. [19] report a similar effect with the truncation trick applied to the intermediate
latent space. In their experiment, they also show different identities, often antifaces, once the mean
image is crossed. However, separate from those experiments, our latent vectors are not converging to
the same latent vector. In fact, the latent vectors of the mean images are separated by a large angle.
While the effects of moving towards the mean images appear to be the same as the truncation trick,
here the generator has designed the latent space to have mean images about every great circle on the
hypersphere.

3.3 Protoimage Recovery

As we observed the improvement in image quality near the protoimages, we would like to be able to
nd the locations of these protoimages given a random set of latent vectors.

An interesting feature of some GANSs is the inclusion of a minibatch standard deviation layer in the

discriminator. This layer encourages variation among the images of an input batch, which results in a
lower discriminator score for images that are similar. As the mean images all have a similar look,
the resulting discriminator score is very low for a batch of protoimages. There is also always a large
angle between the original latent vector and the protoimage latent vectors. With this in mind, we can
establish a criterion for nding the protoimages about the hypersphere walk. The objective function

below seeks to minimize the discriminator score for a batch of images while also encouraging a small



cosine similarity value. Formally,
zp =argmin D(G(zp)) + M (2p;20); (6)
p

whereD () is the discriminator scorey is the latent vector of the protoimags is the original
latent vector, is a chosen weight parameter, add ; ) is the cosine similarity, which can be
expressed as

kzpkkzok' "

M (zp; 20) =

With this objective function, we would like to restrict the search space to vectors along the walk
around the hypersphere in the direction of the difference vector.

First, we initialize a vectoq; to control the magnitude and forward/backward direction of the next
step. We utilize a vector for controlling the hypersphere traversal to provide more robustness in the
optimization. For each iteration, we nd the difference vector between the current latent vector and
the previous. For the rst iteration, this is the difference between the recoveradd original latent
vector,zy. The vectorgy, is projected onto the difference vector and added to the previous vector.
The new vectorzg+1 , is, then, projected onto the hypersphere. The loss is calculated(63iaagd

this loss is backpropagated through the network to upglate. The entire algorithm is summarized

in Algorithm 1.

Algorithm 1: Finding the protoimages
Zo 2 R" (original latent vectors)
z; 2 R" (recovered latent vectors)
gk 2 R"
initialize qq;
k=1;
Z=1721 Zp,
2 R; > 0(stopping threshold)
while k k, > do
Zys1 = Zx +(quZ)kzZTZ;

— n_.
Zk+1 = Zk+1 k7 Kp 0
Z‘l|<-+1 Zo0

Lo = D(G(Zks1 N+ 7 okzeks s
Backpropagate to updatg+1 ;
k=k+1;

Z=12Zx Zg 1,

end

3.4 Optimizing for Improved Images

With the protoimages found, improving any randomly generated image is simply a matter of pushing
the latent vectors towards the latent vectors corresponding to the protoimages.

This can be accomplished with an easy linear interpolation between the original latentagemtor
the protoimage latent vectar, and then projecting the point onto the hypersphere.

2=proj( zp+(@  )zo); 8)

where the value of controls the proximity to the original latent vector and the protoimage latent
vector.

While setting a constant can yield a decent balance between delity improvement and variation, we
recognize that certain images need more improvement, and some minor improvements to already
good images are not worth the reduction in variation.

To automate the balance between delity and variation, we optimize for the linear interpolation
coefcient, . The discriminator is trained to discriminate between real photos and generated images.
With the Wasserstein losg4]] the discriminator acts as a critic, providing higher scores for real



images and lower scores for images that are believed to be fake. As the image quality of generated
images improves, the discriminator score improves. However, as the improved images begin to lose
variation, the discriminator score drops again due to the minibatch standard deviation layer. While
one option would be to nd the's which provided the highest discriminator score for a batch of
images, the optimization tends to favor the extremes, bringing some valuagofery high towards

1 but dropping for other images to counteract for the loss of variation.

To derive a criterion that is bene cial for most images, we instead bring the discriminator score
to the middle ground between scores given for real images and scores given for poorly generated
images. We nd bringing the discriminator score towards this center value allows the optimization
to nd values of that balance realism and variation. Thus, we set the objective to minimize the
mean-squared L2 norm of the discriminator score vector. For a detafinal latent vectors

Zo 2 R " and the protoimage vectoZs, 2 R " where each row is a vector, we can de ne the
optimization problem as

_ RS o o w2
=arg 5?(;!’]1]" K - D (G( i Zp;i +(1 i)Zoii)) 9

where 2 [0; 1] is a vector of linear interpolation coef cients with elementsZ,; is thei®™ row

of Z,, andZ; is thei™™ row of Z,. Results of the optimization can be seen in Appendix G along
with the resulting values of. It can be seen that images that are already high-quality have smaller
values of while poor images receive larger values.

4 Experimental Results

We apply our framework to a multitude of experiments to evaluate the effectiveness of the image
quality improvements and the limitations of our method.

For the all optimizations, we use an Adam optimiz&t][with ; =0:9and , = 0:999 For the

latent vector recovery, we use a learning rate of 0.01. Thad coef cients from equation 5 are

set to 2 and 1, respectively. For the initialization, we randomly genér@0 latent vectors and

chose the latent vector with the smallest Euclidean distance to the original image in the feature space
of the discriminator. In searching for the protoimages, we use a learning rateafd a of 3. This
algorithm must be applied to a batch of latent vectors in order for the minibatch standard deviation
layer to give the protoimages small discriminator scores. Finally, for nding the linear interpolation
coef cient, we use a learning rate 6f01 and set the initial values of to 0.7.

4.1 Quantitative Evaluation

To evaluate the improvement of image quality and balance of image variation, we compare the
Frechet Inception Distance (FID) scotE] of several variations using 10000 images. In Table 1, we
compare two popular GANs with and without our proposed optimization with three datasets. For
the truncation trick, we take the best score given for a sequence of threshold values from 0.1 to 1.0.
Similarly, for our method, we take the best score given for a seriesvafues, which gives the top

score along the path towards the protoimages. We also compare our method to the top score along the
direction found using the supervised approach3gf pn the CelebAHQ1024x1024.8] dataset. Our
algorithm successfully improves the FID score (by making it smaller) of the original GAN without
making any changes to the network itself, and we outperform the truncation trick for all by one
dataset and network. This result shows that the proposed algorithm consistently improves FID across
different GANs and datasets. It should be noted that the truncation trick resamples latent vectors
beyond the threshold, resulting in completely different images from the baseline; whereas our method
retains many de ning attributes of the original images. Surprisingly, we are able to improve upon the
performance of3(0] even though our method is completely unsupervised. Qualitative comparisons
can be seenin Fig. 4.

4.2 Other Datasets and Architectures

To evaluate the scope of our framework, we apply our method to additional datasets and architectures.
Further implementation details can be found in Appendix C. First, we investigate the structure of
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