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Figure 1: Manipulating various facial attributes through varying the latent codes of a well-trained GAN model. The first column shows the
original synthesis from PGGAN [17], while each of the other columns shows the results of manipulating a specific attribute.

Abstract

Despite the recent advance of Generative Adversarial
Networks (GANs) in high-fidelity image synthesis, there
lacks enough understanding of how GANs are able to map
a randomly sampled latent code to a photo-realistic image.
In this work, we propose InterFaceGAN for semantic face
editing by interpreting the latent semantics learned by
GANs. In this framework, we conduct a detailed study on
how different semantics are encoded in the latent space of
GANs for face synthesis. We find that the latent code of well-
trained generative models actually learns a disentangled
representation after linear transformations. We explore the
disentanglement between various semantics and manage to
decouple some entangled semantics with subspace projec-
tion, leading to more precise control of facial attributes.
Besides manipulating gender, age, expression, and the pres-
ence of eyeglasses, we can even vary the face pose as well as
fix the artifacts accidentally generated by GAN models. The
proposed method is further applied to achieve real image
manipulation when combined with GAN inversion methods
or some encoder-involved models.1

1Codes are available at https://genforce.github.io/
interfacegan/.

1. Introduction

Generative Adversarial Networks (GANs) [13] have
significantly advanced image synthesis in recent years.
However, few efforts have been made on studying what a
GAN actually learns with respect to the latent space. In this
paper, we propose a framework InterFaceGAN, short for
Interpreting Face GANs, to identify the semantics encoded
in the latent space of well-trained face synthesis models and
then utilize them for semantic face editing. This framework
provides both theoretical analysis and experimental results
to verify that linear subspaces align with different true-or-
false semantics emerging in the latent space. We further
study the disentanglement between different semantics and
show that we can decouple some entangled attributes (e.g.,
old people are more likely to wear eyeglasses then young
people) through the linear subspace projection. These
disentangled semantics enable precise control of facial
attributes with any given GAN model without retraining.
Besides gender, age, expression, and the presence of eye-
glasses, we can noticeably also vary the face pose or correct
some artifacts produced by GANs. Some results are shown
in Fig.1. Finally, we extend InterFaceGAN to real image
manipulation through GAN inversion approaches.
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Figure 2: Pose manipulation results by InterFaceGAN. Centered image is the original synthesis from PGGAN [17] model, while other
images show the gradually changed poses.

1.1. Related Work

Generative Adversarial Networks. GAN [13] has brought
wide attention in recent years due to its great potential in
producing photo-realistic images [1, 15, 5, 34, 23, 17, 6,
18]. To make GANs applicable for real image processing,
existing methods proposed to invert the generation process
[25, 37, 22, 4, 14] or learn an additional encoder associated
with the GAN training [11, 10, 36].
Study on Latent Space of GANs. Latent space of GANs is
generally treated as Riemannian manifold [7, 2, 19, 20, 27].
Some work has observed the vector arithmetic property
[26], but the study on how a well-trained GAN is able to
encode different semantics inside the latent space is still
missing. Some concurrent work also explores the latent
semantics learned by GANs. Jahanian et al. [16] studies
the steerability of GANs concerning camera motion and
image color tone. Goetschalckx et al. [12] improves
the memorability of the output image. Yang et al. [32]
explores the hierarchical semantics in the deep generative
representations for scene synthesis. Unlike them, we focus
on facial attributes emerging in GANs for face synthesis and
extend our method to real image manipulation.
Semantic Face Editing with GANs. Semantic face editing
aims at manipulating facial attributes of a given image.
To achieve this goal, existing approaches typically learned
new models [24, 8, 30, 21, 33, 3, 31, 29, 9, 28]. Unlike
these learning-based methods, this work explores the inter-
pretable semantics inside the latent space of fixed GANs,
and turns unconstrained GANs to controllable GANs by
varying the latent code.

2. Framework of InterFaceGAN
In this section, we introduce the framework of InterFace-

GAN, which provides a rigorous analysis of the semantics
emerging in the latent space of GANs, and further leverages
these semantics for facial editing.
Problem Statement. Given a well-trained GAN model,
the generator can be formulated as a deterministic function
g : Z → X . Here, Z ⊆ Rd denotes the d-dimensional
latent space, for which Gaussian distribution N (0, Id) is
commonly used [23, 17, 6, 18]. X stands for the image
space, where each sample x possesses certain semantic
information, like gender and age for face model. Suppose
we have a semantic scoring function fS : X → S, where
S ⊆ Rm represents the semantic space with m semantics.
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Figure 3: Examples on fixing the artifacts that PGGAN [17] has
generated. First row shows some bad generation results, while the
following two rows present the gradually corrected synthesis by
moving the latent codes along the positive “quality” direction.

We can bridge the latent space Z and the semantic space
S with s = fS(g(z)), where s and z denote the semantic
scores and the sampled latent code respectively.

Semantic Boundary in the Latent Space. Any normal
vector n ∈ Rd in the latent space defines a hyperplane,
which separates the entire space into two parts. This is very
similar to the separation of binary facial attributes, such as
male v.s. female. In particular, n defines a “distance” from
a latent code z to this hyperplane as d(n, z) = nT z. Note
that d(·, ·) is not a rigorous distance since it can be negative.
We expect this “distance” to be linearly dependent with the
score of a particular semantic as f(g(z)) = λd(n, z). Here,
λ > 0 is a scalar to measure how fast the semantic varies
along this direction. Hence, the hyperplane defined by n
serves as a semantic boundary in the latent space.

Semantic Manipulation in the Latent Space. With the
normal vector n of the semantic boundary, we can edit the
output image by varying the latent code z with zedit =
z + αn. It will make the synthesis look more positive
on such semantic with α > 0, since the score becomes
f(g(zedit)) = f(g(z))+λα after editing. Similarly, α < 0
will make the synthesis look more negative.

Conditional Manipulation. When there is more than
one attribute, editing one may affect another since some
semantics can be coupled with each other. To achieve more
precise control, we propose conditional manipulation by
performing subspace projection. More concretely, given
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Figure 4: Examples for conditional manipulation. The first two rows show the manipulation results along with the original directions
learned by SVMs for two attributes independently. The last row edits the faces by varying one attribute with the other one unchanged.

two hyperplanes with normal vectors n1 and n2, we find
a projected direction n1 − (nT

1 n2)n2 such that moving
samples along this new direction can change “attribute
1” without affecting “attribute 2”. If there is more than
one attribute to be conditioned on, we just subtract the
projection from the primal direction onto the plane that is
constructed by all conditioned directions.
Real Image Manipulation. To enable real image editing,
we need to map a real image to a latent code. For
this purpose, existing methods have proposed to directly
optimize the latent code [22, 35] or to learn an extra encoder
[37, 4]. There are also some models that have already
involved an encoder along with the training process of
GANs [11, 10, 36]. After getting the latent code, we can
manipulate the target image as discussed above.

3. Experiments
In this section, we evaluate InterFaceGAN with PGGAN

[17] and StyleGAN [18] on both synthesized and real faces.

3.1. Semantic Manipulation

Besides manipulating gender, age, expression, and the
presence of eyeglasses, which is shown in Fig.1, we can
produce gradually changed face pose (Fig.2) and even fix
some artifacts accidentally generated by GANs (Fig.3).
From Fig.2, we can tell that even there lacks enough data
with extreme poses in the training data, i.e., CelebA-HQ
[17], GAN is capable of imagining how profile faces should
look like. We can also conclude from Fig.3 that “quality” is
also encoded in the latent space as a specific semantic.

3.2. Conditional Manipulation

To decorrelate different semantics for independent facial
attribute editing, we propose conditional manipulation in
Sec.2. Fig.4 shows some results by manipulating one
attribute with another one as a condition. Taking the left
sample in Fig.4 as an example, the results tend to become
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Figure 5: Examples for conditional manipulation with more than
one conditions. Left: Original synthesis. Middle: Manipulations
along single boundary. Right: Conditional manipulation. Green
arrow: Primal direction. Red arrows: Projection subtraction.

male when being edited to get old (top row). We fix
this problem by subtracting its projection onto the gender
direction from age direction, resulting in a new direction.
In this way, we can make sure the gender component
is barely affected when the sample is moved along the
projected direction (bottom row). Fig.5 shows conditional
manipulation with more than one constraint, where we add
glasses by conditionally preserving age and gender. In the
beginning, adding eyeglasses is entangled with changing
both age and gender. But we manage to add glasses without
affecting age and gender.

3.3. Real Image Manipulation

In this part, we evaluate InterFaceGAN on real faces.
Recall that InterFaceGAN achieves semantic face editing
by moving the latent code along a certain direction. Hence,
we need to first invert the given real image back to the
latent code. To invert a pre-trained GAN model, there
are two typical approaches. One is the optimization-based
approach, which directly optimizes the latent code with the
fixed generator to minimize the pixel-wise reconstruction
error [22]. The other is the encoder-based, where an extra
encoder network is trained to learn the inverse mapping
[37]. We tested both of these two baseline approaches.
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Figure 6: Manipulating real faces with respect to the attributes age and gender, using the pre-trained PGGAN [17] and StyleGAN [18].
Given an image to edit, we first invert it back to the latent code and then manipulate the latent code with InterFaceGAN. On the top left
corner is the input real face. From top to bottom: (a) PGGAN with optimization-based inversion method, (b) PGGAN with encoder-based
inversion method, (c) StyleGAN with optimization-based inversion method.

Input Reconstruction Gender Age Smile Eyeglasses Pose
Figure 7: Manipulating real faces with LIA [36], which is a encoder-decoder generative model for high-resolution face synthesis.

Results are shown in Fig.6. We can tell that both
optimization-based (first row) and encoder-based (second
row) methods show poor performance when inverting PG-
GAN. This can be imputed to the strong discrepancy be-
tween training and testing data distributions. For example,
the model tends to generate Western people even the input
is an Easterner (see the right example in Fig.6). Even
unlike the inputs, however, the inverted images can still
be semantically edited with InterFaceGAN. Compared to
PGGAN, the results on StyleGAN (third row) are much
better. Here, we treat the layer-wise styles (i.e., w for all
layers) as the optimization target. When editing an instance,
we push all style codes towards the same direction. As
shown in Fig.6, we successfully change the attributes of real
face images without retraining StyleGAN but leveraging the
interpreted semantics from latent space.

We also test InterFaceGAN on encoder-decoder gen-
erative models, which train an encoder together with the
generator and discriminator. After the model converges,
the encoder can be directly used for inference to map a

given image to latent space. We apply our method to
interpret the latent space of the recent encoder-decoder
model LIA [36]. The manipulation result is shown in Fig.7
where we successfully edit the input faces with various
attributes, like age and face pose. It suggests that the latent
code in the encoder-decoder based generative models also
supports semantic manipulation. In addition, compared to
Fig.6 (b) where the encoder is separately learned after the
GAN model is well-prepared, the encoder trained together
with the generator gives better reconstruction as well as
manipulation results.

4. Conclusion

We propose InterFaceGAN to interpret the semantics
encoded in the latent space of GANs. By leveraging the
interpreted semantics as well as the proposed conditional
manipulation technique, we are able to precisely control the
facial attributes with any fixed GAN model, even turning
unconditional GANs to controllable GANs.
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