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Abstract

Despite significant progress, StyleGAN-based face editing is still limited by undesir-
able attributes, dependencies and artifacts that decrease the quality of generated images.
While more well-annotated training data would likely improve on these problems, col-
lecting such data at scale is very expensive. We propose a face editing architecture that
significantly improves the image quality, allows precise specification of individual at-
tributes, and facilitates the introduction of new attributes. We take advantage of recent
advances that couple the creation of a latent representation of an image with associated
natural language as well as techniques that find linear correlations between the GAN latent
space and the attributes of the image, enabling regression models. Our approach deploys
carefully chosen regularization approaches that are critical to the integration of these
techniques. We demonstrate the ability to edit photorealistic images of faces, originating
both from GAN generation and from real images through GAN inversion.

1 Introduction

In recent years, face editing techniques based on generative models such as generative
adversarial networks or variational autoencoders had witnessed an explosion in popularity,
due to their ability to apply semantically meaningful local and global edits to images without
the need to create an explicit representation of the modeled face. One of the most popular
architectures that has been used as a basis of face edits is the StyleGAN family of models,
due to their well-behaved latent space [10].

While early StyleGAN-based models that allowed the editing of attributes such as pose,
age, and facial hair represented spectacular progress compared to previous approaches in
the realism and quality of the edited images, significant limitations remained. For instance,
for certain face/attribute combinations, the edited images exhibited significant artifacts and
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Figure 1: Examples of the image quality and range of attributes that can be edited with the
proposed approach. The projected original image is in the top left followed by several edited
images.

unrequested changes to other attributes. An ideal face editing system would allow the fine-
grain specification of a wide range of attributes while retaining the unrelated attributes and
the personal identity of the face. Furthermore, the system should be easily extendable to new
attributes.

A natural way to make progress towards this goal is to use large amounts of high-quality
images carefully labeled with the values of all possible attributes.

The primary insight of this paper is that the necessary amount of training data to improve
the quality of the edits can be reduced by a better understanding of the latent spaces of the
generator and the type of changes that lead to high-quality visual instances. For instance,
recent research has shown that the StyleGAN latent space contains smooth linear directions
that allow the creation of a regression model for attributes [15]. Furthermore, while there
are many points in the latent space that correspond to a given attribute value, we find that
a mapper that was trained with specific, well-chosen regularizations can find encodings for
edited images that correspond to higher quality edits.

Our final insight is that we can improve the training process without the need of hand-
annotated images by taking advantage of recent advances in models that contain joint en-
codings of images and natural language. For instance, the CLIP [17] architecture can be
used to generate annotations for the training data for a wide range of attributes, by providing
descriptive labels.

The contributions of this paper can be summarized as follows:

1. We created a face editing architecture that uses regression in the StyleGAN latent
spaces with appropriate regularizations to find disentangled attribute directions.

2. We designed a CLIP-based approach to extend the training data for the face editor.

Figure 1 illustrates the image quality and broad range of attributes that can be edited using
the proposed approach. Figure 2 shows the high-level concepts of face editing.

2 Related Work

Using GANS to edit images has recently attracted a lot of attention due to the outstanding
ability of current generative models to generate high-resolution real-looking photos.

One of the early approaches to control the image generation of GANs was conditional
GAN [13] that passes the labels to both generator and discriminator during training to
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Figure 2: Training: After the data preparation step, we train a regression network for available
are the weights of the regression network. Inference: For a given face, we first encode it to
the StyleGAN latent space and add the direction W to edit the attribute i.

condition image generation to different classes. Different techniques were proposed for
conditional GANS training using paired [7] or unpaired data [2, 26]

More recent approaches for controlling image generation focus on editing the latent vector
corresponding to an initial image such that the newly edited image has the same identity but
different attributes like “Smile” or “Facial hair”. These approaches significantly reduce the
computational resources required to train high-quality models such as StyleGAN [9]. [5]
use PCA on sampled latent codes to find directions in the latent space such that moving in
those directions could result in change in the target attribute. [25] use low-rank subspace
to control the generation of GANs. StyleFlow [1] uses continuous normalizing flows and a
neural differential equations solver to train a non-linear function for editing vectors in latent
space. [24] train a transformer with losses in latent space to edit attributes.

[18] propose InterfaceGAN based on the assumption that a hyperplane or separation
boundary exists for each attribute in the latent space. Thus, by moving in the orthogonal
direction to that hyperplane, we can change the target attribute. [11] train a lat-2-lat model
to map a latent vector to a new latent such that the image generated from the new one has
the target attribute. [21] discover style channels based on gradient maps from the generated
image with respect to each channel in S space and identify the channels that control a target
attribute.

Recently, [6] leveraged attention to find the layers that have a greater impact on target
attributes. This automatic way of finding these layers removes the need for some manual
adjustments. [4] use disentangled transforms and instance-aware search to edit a latent vector
and corresponding generated image. [8] proposes a neural network that finds directions in
the latent space based on target parameters without conditioning the network on the latent
vector. StyleRig [19] uses losses defined between the generated image and original image
based on the pose, illumination and expression to edit the latent vector. [14] propose a method
that combines attributes and face identity features from two different images to generate a
new image with losses on identity and attributes. Another method for editing directions is
StyleCLIP [16] that leverages CLIP [17] text and image encoder to find S channels in latent
space that have the highest correlation with the target text.

3 Face editing

Let us consider an image of a face |, represented in a StyleGAN latent space by a vector X.
We will call an attribute of the image quantifiable if we can measure the degree at which
it is present in the face with a real number in a given interval. Most attributes commonly
considered in face editing such as age, degree of smile or the angle of the head position are
quantifiable with all possible values in an interval corresponding to realistic images. For other
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attributes, such as "wears eyeglasses", intermediate values might not correspond to real-world
pictures.

We define the goal of face editing as the modification of a quantifiable attribute a of the
image with a positive or negative degree a. To achieve this, we are searching for a direction
in the latent space W, associated with a such that lo = StyleGAN(X + aW,) is the image with
the desired edit applied.

When we refer to the latent space in which the vector X is encoded, we are considering sev-
eral possibilities corresponding to different locations in the flow of activations in a StyleGAN
architecture: the W space of the original implementation, the extended W™ space that allows
different styles to be applied at different levels of the hierarchy and the so-called stylespace S
which includes the additional affine transformation at each level. Previous research [23] has
shown that all the latent spaces of StyleGAN are highly semantic with respect to the attributes.
However, there are important differences between W, W™ and S in the way they map related
images, making them suitable for different tasks. For instance, we found that the best results
are obtained when using the S space for editing real faces. In the following discussion we will
assume that all the images had been encoded in the appropriate latent space using a suitable
encoder.

3.1 Model

Let us consider a collection of N images |;:::ly and a set of Np attributes a; :::an,. The
training data we are considering will have the form D = (Xi;yil; |2 D ;y!\l’*):\l:1 , where X; is the
latent encoding of image |; and y%‘ is the value of the quantifiable attribute ay in that image.
Determining the attribute values yE( is one of the major challenges of this work. As we discuss
in Section 4, the values can be either collected by human annotation, pretrained regressors,
and/or in an unsupervised manner. Furthermore, our architecture allows the training even if
some of the attribute values are missing.

[15] has shown that it is possible to train regression models such that given a StyleGAN
latent code X can accurately predict the magnitude of an attribute yJ (age in years or head pose
in degrees) in the corresponding image. The regressor achieves this by measuring the distance
between a latent code from a separating hyperplane induced by a matching attribute linear
latent direction:

yl=w] x (1)
The direction for attribute j can be found by:

W; = ar%/min L(S) = ijTX Yky ; (2
i

the dataset, yiJ is the value for the target attribute j, and N is the number of images in training.

This suggests that if we move in the attribute’s linear latent direction, the amount of the
corresponding attribute of a given image would change. Let’s assume y; =W X if we move
in the attribute direction W we have:

y=WT (x+aW)=WT x+awW' W=y, +a; 3)

assuming that W has a unit norm.
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3.2 Regularization techniques

As any solutions satisfying Eq. 1 also change other, unrelated attributes and/or do not keep the
identity of the person, we cannot naively use W for face editing. We can restrict the system to
solutions that retain the identity of the person and minimize the changes to other attributes by
adding regularizers to the optimization criteria. We deployed two types of regularizers based
on weight magnitude and weight orthogonality respectively. We found that the appropriate
choice of regularizations depends on the latent space used for the input.

Weight magnitude regularizers based on the L1 and L2 metrics are commonly used when
performing regression in a high-dimensional feature space. When used in the context of the
W™ latent space, their primary effect is to reduce the impact of insignificant independent
variables and prevent overfitting. In practice, we found that both highly improve the quality
of edited images and show similar performance.

The situation is different in the case of the S-space. Recent research had shown that
vectors in the S space are sparse [22]. This makes us strongly prefer the L1 regularizer which
specifically encourages sparsity, compared to the L2 regularizer which does not have such
an effect. This is especially important when our starting point is a real-world photograph
encoded into the StyleGAN latent space. The complexity of the encoding process usually
creates encodings that are only approximately sparse, with small values rather than zeros.
Having a sparse direction helps ameliorate this artifact.

Orthogonality regularization: Let us consider two orthogonal attribute directions W; and
W, (meaning WlT W, =0)andy, = WlT Xandy, = W2T X. We note that y, does not change
by moving in W direction:

ys =W, (x+aw;)) =W, x+aWw, W, =W, x=y, 4)

Similarly, y; does not change by moving in the W, direction. The same technique can be
applied to all the Np attributes.

In most cases we prefer disentangled attributes: we aim to be able to edit an attribute
without changing any of the other attributes. For instance, we want to be able to change the
age without changing the gender. Imposing an orthogonality regularization on these attributes
can achieve this goal.

It is important to note, however, that not every named attribute is logically independent.
For instance, the Smile and Smirk, while not identical, would likely need to have correlated
latent directions. Another example is attribute pairs such as Beard and Facial Hair, where
it is impossible to increase the former without increasing the latter as well. We need to be
careful not to apply orthogonality regularizations for such pairs.

Putting all the regularization techniques together, the total loss used to train our network
will be

. N
W, :ar%vmmL(X):kijx Y+ biLi(Wj)=La(Wj) +baS 2 e
J

T .
Wi Wi (s

where X is the latent code (S or W™) and N, is the number of attributes available in training.

3.3 Model architecture

Our face editing architecture solves Eq. 5 using a multilayer perceptron (MLP) with linear
activation. The MLP takes a vector in the S-space or W™ space as input and outputs Np
values, the number of attributes in training. In this implementation, the attribute directions are
the weights of the MLP after training. We can use the mean square loss for the first term in
Eq. 5 and adding L1 (L2) and orthogonality regularizations on the weights are trivial.
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(a) Age inS space

(b) Smile inS space

(c) HairinS space

(d) Head Pose itV + space

(e) Straight hair / curly hair - using CLIP

(f) Chubbiness - using CLIP

(g) Beaming - using CLIP

(h) Multi-attribute editing. Given the original projected image in left: making the person younger, adding more hair, smile and eyeglasse

Figure 3: Examples for face editing. The unmodi ed images are in the center.






