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Abstract

The StyleGAN family succeed in high-fidelity image genera-
tion and allow for flexible and plausible editing of generated
images by manipulating the semantic-rich latent style space.
However, projecting a real image into its latent space encoun-
ters an inherent trade-off between inversion quality and ed-
itability. Existing encoder-based or optimization-based Style-
GAN inversion methods attempt to mitigate the trade-off but
see limited performance. To fundamentally resolve this prob-
lem, we propose a novel two-phase framework by designat-
ing two separate networks to tackle editing and reconstruc-
tion respectively, instead of balancing the two. Specifically,
in Phase I, a W-space-oriented StyleGAN inversion network
is trained and used to perform image inversion and edit-
ing, which assures the editability but sacrifices reconstruction
quality. In Phase II, a carefully designed rectifying network
is utilized to rectify the inversion errors and perform ideal
reconstruction. Experimental results show that our approach
yields near-perfect reconstructions without sacrificing the ed-
itability, thus allowing accurate manipulation of real images.
Further, we evaluate the performance of our rectifying net-
work, and see great generalizability towards unseen manipu-
lation types and out-of-domain images.

Introduction

As one of the flagship unconditional GANs, StyleGAN
(Karras, Laine, and Aila 2019) and its advanced versions
(Karras et al. 2020b,a, 2021) are able to achieve high-fidelity
image generation, but also facilitate the semantic editing
in latent space. For example, some researchers (Shen et al.
2020; Wu, Lischinski, and Shechtman 2021; Patashnik et al.
2021; et al. 2021a; Tewari et al. 2020) seek to control the
attributes of generated images by manipulating the W or
S latent space of StyleGAN. These methods attempt to en-
hance the semantic interpretability of the latent space, thus
allowing the editing of the generated images. However, the
real photograph needs to be embedded to StyleGAN’s latent
space to facilitate the editing (Abdal, Qin, and Wonka 2020;
etal. 2021b), which is prone to noticeable GAN inversion er-
rors and long-tail information loss (Abdal, Qin, and Wonka
2020; et al. 2021b).
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Figure 1: The image reconstruction and attribute editing re-
sults with our approach, compared with the baseline results
(Tov et al. 2021) (second column).

Recent investigations have attempted to improve recon-
struction quality while maintaining the editability. These
methods mainly fall into three streams. The first stream
is encoder-based (Tov et al. 2021; Alaluf, Patashnik, and
Cohen-Or 2021b; Dinh et al. 2022; Alaluf et al. 2022; Wang
et al. 2022) that optimizes the design of image encoders for
improved reconstruction while keeping the StyleGAN gen-
erator fixed. The pioneering work is ede (Tov et al. 2021),
whose encoder is carefully designed to embed an image
to the W space. Following this work, an iterative strategy
(Alaluf, Patashnik, and Cohen-Or 2021b; Alaluf et al. 2022)
to search the W code for better reconstruction is proposed,
with the cost of increased inference time though. However,
the embedding accuracy of these methods is far from being
perfect. The second stream (Roich et al. 2022) is to fix the
latent code and fine-tune the generator for better reconstruc-
tion. As the initial latent space is changed during optimiza-
tion, the editability is weakened. In addition, the optimiza-
tion process is time-consuming, typically two or three or-
ders of magnitude more inference time than encoder-based
methods. The third stream seeks to achieve near-perfect re-
constructions by introducing spatial dimensions to the la-
tent space (Kim et al. 2021), which makes the embedding
more accurate but limits the editability to “in-place” and
semantic-implicit manipulation. That means, global editing



(e.g., change the pose of an object) or attribute-conditioned
editing (non-exemplar-based) of an image is intractable for
these methods.

Generally, although previous schemes have made enor-
mous efforts to improve the inversion accuracy of Style-
GAN, the inherent trade-off between inversion quality and
editability is not solved. Unlike previous solutions, our
cleverly designed framework separates editability preserva-
tion and reconstruction improvement into two phases, thus
avoiding the trade-off at all. As shown in Figure 2, we visu-
ally demonstrate the concepts and editability-reconstruction
trade-offs of a representative StyleGAN inversion methods.
Similar to existing StyleGAN inversion and latent-based im-
age editing models (et al. 2021b; Tov et al. 2021; Alaluf,
Patashnik, and Cohen-Or 2021b; Alaluf et al. 2022), the first
phase is targeted on plausible editability and fair inversion
quality. We design to generate 4 sets of paired images in
the first phase for later learning to fully repair the loss of
pre-inversion. The rectifying network in the second phase is
designated to rectify the StyleGAN inversion errors caused
in the first phase. The rectifying network takes the difference
of the original image against its inversion and the initial edit-
ing result as inputs, and aims to reconstruct an ideal editing
result. The difference image indicates the long-tail informa-
tion loss (e.g., occlusion, accessories or other out-of-domain
features) and contains sufficient supplementary information
for ideal rectifying.

Generally speaking, our contributions include:

* For the first time, we propose REGANIE, a scheme that
fundamentally addresses the editability-reconstruction
trade-off for the task of latent-based real image editing.

* The unique two-phase training framework achieves near-
perfect reconstruction without compromising editability,
especially for the reproduction of long-tail information
loss.

* We elaborate a novel architecture of the rectifying net-
work equipped with the novel SG module, significantly
leveraging the adaptability or generalizability of the rec-
tifying network towards unseen edit types and out-of-
domain images.

¢ Qualitative and quantitative comparisons with extensive
GAN inversion methods validate the superiority of our
method in terms of the reconstruction quality and editing
accuracy without significantly compromising the infer-
ence time.

Related Work
Attribute Editing

Attribute control of images by manipulating the latent space
of StyleGAN (Karras, Laine, and Aila 2019) is widely
used. Early unsupervised methods (Shen and Zhou 2021;
Hirkonen et al. 2020) apply Principal Component Analysis
(PCA) on latent space or model weights, and interpretable
control can be performed by layer-wise perturbation along
the principal directions. Due to limited control accuracy of
unsupervised methods, a number of supervised methods are
investigated. For example, InterfaceGAN (Shen et al. 2020)

1270

trains an SVM to discover the separation plane and editing
direction for more explicit attribute control. Nonlinear meth-
ods such as (Wang, Yu, and Fritz 2021; Li et al. 2021; et al.
2021a) train neural networks to disentangle the GAN latent
space by attributes. Further, the proposal of StyleSpace (Wu,
Lischinski, and Shechtman 2021) and StyleCLIP (Radford
et al. 2021; Patashnik et al. 2021) expands the scope of se-
mantic control. Besides, regional semantic control methods
(Ling et al. 2021; Shi et al. 2022; Chong, Lee, and Forsyth
2021; Hou et al. 2022) enables precise regional editing of
images without unwanted global variation. Although exist-
ing StyleGAN-based image manipulation methods perform
well for GAN-generated images, manipulating real images
relies on accurate GAN inversion methods, which makes it
challenging. Our method targets on resolving the GAN in-
version errors for more accurate real image editing.

GAN Inversion

GAN inversion is to project the image into the GAN la-
tent space and then reconstruct it by the generator, which
is widely used in image analysis, image manipulation and
compression. A straightforward approach is to iteratively
adjust the latent codes to minimize the difference between
the generated image and the target through gradient de-
scent. More advanced research is the encoder-based inver-
sion methods (Tov et al. 2021; Alaluf, Patashnik, and Cohen-
Or 2021b; Dinh et al. 2022; Alaluf et al. 2022) that elaborate
the design of image encoders for improved reconstruction
accuracy. Limited reconstruction accuracy and the trade-off
between reconstruction and editability are the major limita-
tions of this stream. Some recent works (Wang et al. 2022;
Yao et al. 2022; Kim et al. 2021) have attempted to incorpo-
rate spatial features directly into the intermediate layers of
StyleGAN generators. Although it helps improve the recon-
struction, it is prone to introducing artifacts when perform-
ing the edits that involves geometric deformation or pose
variation. We are motivated by the joint spatial and global
features of these methods when designing our rectifying net-
work.

Methodology

We exploit a two-phase framework to fundamentally resolve
the reconstruction-editability trade-off. In the first phase, a
network consisting of a StyleGAN generator, an embedding
encoder and a style editor is designated to embed the input
real image and perform editing in the latent space: see more
details in Section Phase I. The second phase involves a rec-
tifying network that learns to rectify the inversion error and
restore missing information produced in the first phase.

Phase I: Editing & Pre-inversion

As shown in Figure 3, our framework relies on a pre-trained
StyleGAN2. A high-fidelity image can be generated from a
randomly-sampled latent vector z;,;+ from a normal distri-
bution. The pre-trained mapping network M maps the z;,;;
into w;,;+ € VW space, and then generates an image through
the generator G. That is
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Figure 2: Conceptual visualization of the representative StyleGAN inversion approaches and the editability-reconstruction
trade-off. The heatmap highlights the editability of StyleGAN latent space (W or S) (Karras et al. 2020b; Wu, Lischinski, and
Shechtman 2021), where darker color indicates better editability. The encoder-based approaches (e4e, ReStyle) employ either
one-pass or multi-pass embedding strategy without tuning the generator. As shown, the multi-pass embedding strategy (ReStyle)
produces better reconstruction but compromises editability. Optimization-based methods (PTI) seek to tune the StyleGAN
generator for better reconstruction but inevitably sacrifice the editability (the latent space is shifted and distorted). Our method
adopts the stable embedding and editing scheme from e4e (Tov et al. 2021) while introducing an additional rectifying network
to achieve near-perfect reconstruction (hand occlusion) without compromising the editability.

X = G(winit) (D

In general, the VW space and its hierarchical expan-
sion YW+ demonstrate good semantic interpretability (Wu,
Lischinski, and Shechtman 2021). w;,,;; can be semantically
manipulated by a pre-trained style editing models (Shen and
Zhou 2021; Hiarkonen et al. 2020; Shen et al. 2020; Patash-
nik et al. 2021; Wang, Yu, and Fritz 2021; Li et al. 2021;
et al. 2021a; Ling et al. 2021; Shi et al. 2022; Chong, Lee,
and Forsyth 2021; Hou et al. 2022). Without losing general-
ity, we choose the state-of-the-art non-linear multi-attribute
style editor DyStyle (Li et al. 2021) to perform the editing.
The corresponding editing result can be obtained by

Y = G(Editor(winit)) ()

The next task is to produce paired data for the second-
stage network training, so pre-inversion of X, Y is required.
We train the encoder E (Tov et al. 2021) to embed images
into the latent WV space of the original StyleGAN generator
G, which guarantees consistency of editability in training
and testing phases. Then, the generator G is employed to

1271

invert the embedding of WV space back to the image. So we
can invert Image X or Y to its inversion as

X, Y =G(E(X)), G(E(Y)) 3)

Phase II: Rectifying Network

The rectifying network in Phase II targets on rectifying the
GAN inversion errors and restoring the missing information
produced in Phase 1. The rectifying network is conditioned
on the difference image between the original image X and

its inversion X , and the inversion of the editing result Y,
with the expect to reconstruct the ideal editing result Y.

Dual-Pathway Encoder As shown in figure 3, the rectify-
ing network employs a dual-pathway encoder that processes
the difference image AX = X — X and the primary im-
age Y in separate branches. Since the Y — Y pair and the
X — X pair are thought to suffer similar loss of information
caused by the same inversion model, we assume that the dif-

ference between X and X provides sufficient information
for perfect reconstruction of Y from Y. We build separate
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Figure 3: The overview of our two-phase framework as for training. The upper part demonstrate the inversion and editing (e.g.
pose) process of the first phase. The bottom part depicts the architecture of the rectifying network and the SG module used in
Phase II. Note that the inference follows a slightly different pipeline as detailed in Alg. 1.

encoders (£, and Ej) to process the primary image and the
difference image respectively: see Figure 3 (bottom).

Considering an image of resolution 512 x 512, Encoder
E, and Encoder F; consist of 4 downsampling layers re-
spectively. Specifically, F,, extracts a latent feature map f,
of size 32 x 32 from the primary image. E; extracts a spatial
style code sp of size 32 x 32 and a global style vector gl of
dimension 2048, which is written as

sp, gl = Eq(AX) “)

where sp is the style codes with spatial dimensions, and gl
is the global style vector.

Generator A style-based Generator GG, is then used to
fuse the extracted style codes (sp and gl) and latent features
(fz), and generates an image with the inversion errors rec-
tified. The generator starts from the latent feature f, and
generates a 512 x 512 image by applying 4 upsampling lay-
ers. The style codes (sp and gl) are joined to the generator
through style modulation as used in (Park et al. 2020). Note
that X and Y are both generated images, they are actually
exchangeable to each other, just as

(6)
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Spatial and Global Modulation The style codes sp and
gl are designated to convey spatial and global information
respectively. The original StyleGAN architecture projects an
image from a 512-d vector that causes loss of spatial infor-
mation and leads to an optimization upper bound for inver-
sion accuracy. Therefore, we modify the generator structure
to allow for joint spatial and global modulation.

The style modulation module slightly different from that
used in StyleGAN2 (Karras et al. 2020b) to allow for alter-
native modulations of the spatial codes and the global vector:
see Figure 3 (bottomright). The equations are written as

(fl sp)*w +
bH—l

flJrl

fl+2 _ (fl+1 X gl) " wl+1

(7
(®)

where f! represents the feature map of the [th layer. w'

and b' represent the weights and biases of the Ith layer, re-
spectively. “-” denotes element-wise multiplication and “x”
refers to convolution.

Spatial intermediate features are used in (Wang et al.
2022; Kim et al. 2021; Yao et al. 2022) for improved recon-
struction. However, they are prone to artifacts when defor-
mation occurs in the editing, as the spatial features are not
well aligned with the edited image. To avoid the issue, we
alternatively place the spatial modulation and global modu-



Algorithm 1: Training & inference

Training:
Pre-trained Models: M, GG, E, Editor in Phase 1
Models to be optimized: G,, E,,, E4, D in Phase II
iter = 0;
while iter < N do
sample z € N(0,1); win;s < M(2);
X = G(wmit); Y = G(Editor(wimt));
X, Y =G(E(X)), GE(Y));
t < random_choice({1, 2, 3});
if t = 1 then
| AT« Y -Y;I+ X1+ X;
else if ¢ = 2 then
| AT« X—X;1« Y1« Y;
else
| AT+ X —X;1+ X;1+ X;
end
I, + Gp(E,(I), Eq(AI));
L+~ ‘Crec(Ira I) + EGAN(D(IT)7 D(I))’
optimize G, E,, E/q based on loss L;
iter < iter + 1;

end

Inference:
X, Y « G(E(Xy)), G(Editor(E(Xo))):

AX « Xo— X;
Xr = Gp(Ep(X), Ea(AX));

Y, < Gp(Ep(Y), E4(AX));
end

lation in each layer of the generator. Please refer to supple-
ment for detailed architecture. We observe that the encoder
and generator will adaptively learn to re-align the spatial in-
formation based on global information.

Training & Inference The rectifying network is trained
with an objective consisting of three loss terms, which is
defined as:

L= >\l1£1 (17 I7)+)\lpzp€£lpzp€ (I7 Ir)+>\GAN£GAN ([, Ir)

©)
where £, loss is used to suppress the pixel-wise disparities
between the reconstructed image /- and the original image
I. Lipips (Zhang et al. 2018) loss measures the features sim-
ilarities between the two based on a pre-trained VGG16 net-
work (Simonyan and Zisserman 2014), which enforces re-
constructions at the feature level. The image realism is en-
couraged using an adversarial loss Lo an With R; regular-
ization (Karras et al. 2020b), where the discriminator D is
trained adversarially against the rectifying network based on
Loss Lp. We set Agan = 1.0, Ajp = 1.0 and Ajpips = 1.0
in our experiments for the best performance.

As in Algorithm 1, in the first phase, we use off-the-shelf
pre-trained models provided in (Karras et al. 2020b; Li et al.
2021; Tov et al. 2021). We train the rectifying network with
generated samples from Phase I. Specifically, the training
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triplets (A1, I and T) can be obtained in three ways to en-
courage reconstructions of both edit-free or edit-involved
scenarios. First, Al =Y — Y, I=Xand I = X. Second,
Al =X -X,I =Y and I =Y. Third, Al = X - X,
I = X and I = X. The former two encourage reconstruct-
ing from its inversion and the inversion errors of its edited
partner. The third way encourages reconstructing from its
own inversion and inversion errors. During training, the
attribute set intended for manipulation are those provided
by DyStyle (Li et al. 2021) network, including pose, age,
glasses, expression, etc.

During inference, the rectifying network is expected to
reconstruct an ideal edited image Y, from its inversion I=
Y and the inversion errors of the inputimage Al = X,— X.
It is also encouraged to reconstruct the input image itself X,

from its own inversion / = X and inversion errors Al =
X, — X.

Experiments
Experimental Setup

The pre-trained StyleGAN models that our method relies on
are typically trained on facial datasets. To demonstrate the
generalizability of our method on unseen realistic faces, we
train our model on the FFHQ (Karras, Laine, and Aila 2019)
dataset, and test on the CelebA-HQ (Karras et al. 2018)
dataset. We choose the Dystyle (Li et al. 2021) and Style-
CLIP as the latent editor, as the pre-trained models for multi-
attribute-conditioned or text-conditioned editing are avail-
able. We also experiment our method on the animal portrait
dataset (Choi et al. 2020) and the anime dataset (Branwen
2019).

Without losing generality, we adopt the GAN inversion
model and training procedure of the embedding encoder
from e4e (Tov et al. 2021). We re-trained the embedding en-
coder for the anime and animal portrait datasets. In addition,
we also compare our method with PTT (Roich et al. 2022), a
representative optimization-based method. The official pre-
trained models provided in PTI is used as the baseline for
evaluation.

Implementation Details

The proposed ReGANIE network is trained on a single Tesla
V100 GPU with batch size of 8 on 512 x 512 resolution im-
ages. It is optimized using the Adam optimizer (Kingma and
Ba2014) with bl = 0.0 and b2 =0.99, and the learning rate is
fixed at 0.002. In all experiments, the training is performed
for 100,000 iterations. The inference costs 190ms on a single
512 x 512 image.

Evaluations of Image Reconstruction Quality

Qualitative Results To verify the reconstruction accu-
racy of the proposed method, we compare our approach
with state-of-the-art GAN inversion methods including e4e
(Tov et al. 2021), ReStyle (Alaluf, Patashnik, and Cohen-Or
2021b), HFGI (Wang et al. 2022), HyperStyle (Alaluf et al.
2022) and PTI (Roich et al. 2022): see Figure 4.
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Figure 4: Comparison of reconstruction quality. Four differ-
ent long-tail loss subjects are demonstrated, including hand
and glasses occlusion (1st row), hats (2nd row), accessories
and makeup (3rd row), and background (4th row).

Methods | L2()) LPIPS(}) ID(f) MS-SSIM(?) | Times(l)
ede 0.048 0.2 0.61 0.73 0.05
ReStyle 0.043  0.18 0.63 0.79 0.46
HFGI 0.039  0.16 0.78 0.83 0.24
HyperStyle | 0.021 0.11 0.83 0.85 1.13
PTI 0.019  0.08 0.84 0.9 76
Ours |0.016  0.07 0.85 0.9 | 0.19

Table 1: Quantitative comparison of reconstruction quality
on CelebA-HQ (Karras et al. 2018).

We can observe that the encoder-based methods ede and
ReStyle cannot restore difficult cases well (long-tail infor-
mation loss). HFGI, HyperStyle and PTI are able to recover
more details in the original image due to use of spatial infor-
mation encoding or generator optimization, but the inversion
accuracy is far from being perfect. Our approach achieves
the best reconstruction accuracy and the reconstruction er-
rors are mostly unnoticeable.

Quantitative Results We perform a quantitative compari-
son of related GAN inversion methods and ours in terms of
the reconstruction accuracy and inference time: see Table 1.
The similarity between the reconstructed image and the orig-
inal was measured with L2 distance, LPIPS (Zhang et al.
2018) and MS-SSIM (Wang, Simoncelli, and Bovik 2003)
scores. Additionally, the identity similarity is measured us-
ing a pre-trained face recognition model provided by (Huang
et al. 2020). Note that, unlike other methods, we do not ex-
plicitly apply the identity preserving loss during training. Fi-
nally, the inference time is also tested. e4e (Tov et al. 2021),
HFGI (Wang et al. 2022) and our method are single-pass
methods, while ReStyle (Alaluf, Patashnik, and Cohen-Or
2021b) and HyperStyle (Alaluf et al. 2022) employ multi-
pass forwarding (5 based on the official recommendation).
Since PTI (Roich et al. 2022) is optimization-based, it is it-
erated for 450 times to search the initial code, followed by
350 iterations to update the generator weights. PTI costs 2-3

1274

+Smile Pose +Age

-Smile

cde PTI

origin

ReStyle HFGI HyperStyle
Figure 5: Comparisons of the real face editing results while

manipulating the age, pose and expression.

orders of magnitude more time than the encoder-based meth-
ods. As shown in Table 1, our method outperforms other
methods in terms of the reconstruction accuracy by large
margin, while the speed is among the best two.

Evaluations of Real Image Editing

Qualitative Results To visually compare different image
editing methods, we demonstrate their results as for manip-
ulating three types of facial attributes: age, pose and expres-
sion. The selected attributes are representatives of three typi-
cal editing scenarios. Specifically, age involves whole-image
texture editing, pose involves global geometric deformation,
and expression involves local deformation. As our rectify-
ing network is trained with the editing results of DyStyle
(Li et al. 2021), for fair comparisons, we use InterfaceGAN
(Shen et al. 2020) as the style editor in the test phase for all
methods.

It can be observed from Figure 5 that ReStyle (Alaluf,
Patashnik, and Cohen-Or 2021b), HyperStyle (Alaluf et al.
2022), and PTT (Roich et al. 2022) see limited attribute con-
trol accuracy: see the failure to produce wrinkles while des-
ignated for aging. HFGI (Wang et al. 2022) produces silhou-
ette artifacts, which can be caused by its naive injection of
spatial information into the generator. The ede (Tov et al.
2021) model obtains stable editing results, but suffer notice-
able reconstruction errors and unwanted information loss. In
general, our method achieves the best reconstruction quality
while not compromising the attribute control accuracy. User
study and more visualizations see the supplement.

Qualitative Results We quantitatively evaluate the editing
quality of different methods, by measuring the attribute con-
trol accuracy and identity preservation. As InterfaceGAN
edits image attributes by linearly manipulating the Style-
GAN latent space W. Specifically, Wegit = Wingt + a * d,
where d is the normal vector of the separation plane (or edit
direction) for a specific attribute, and « is the edit magni-
tude. The attribute of an image can be continuously manip-
ulated by controlling the value of a.

We use two numeric attributes, age and yaw angle, for
quantitative evaluation. We intend to see how the perceived
attribute value responds to the value of «. It is believed



Attr.| a | ede ReStyle HFGI HyperStyle PTI  Ours
a=-21-11.53 -837 -11.64 -9.73 -9.05 -12.18

Age | a=2 | 9.02 6.42 9.25 8.46 8.11 10.59
‘ Id ‘ 0.44 0.45 0.48 0.59 0.57 0.62
a=-21]-9.12 -6.65 -7.56 -8.9 -8.02 -9.13

Yaw | a=2 | 9.52 6.75 7.83 9.06 8.37 9.54
| Id | 052 0.54 0.61 0.72 0.69 0.75

Table 2: Quantitative comparisons of attribute editing accu-
racy on CelebA-HQ (Karras et al. 2018). The attribute con-
trol respondence is indicated by the perceived attribute vari-
ation given the fixed editing magnitude « (the greater abso-
lute value the better).

origin  spatialrec global rec  full rec full edit

spatial edit global edit

Figure 6: Ablation studies on the spatial and global modula-
tion (SG) module for image reconstruction and pose editing.

that the greater the perceived attribute value varies given
the same amount of « shift, the better the editability is. We
employ the official pre-trained HopeNet (Ruiz, Chong, and
Rehg 2018) model for pose estimation, and the age regressor
is trained by ourselves based on the official implementation
of Dex VGG (Alaluf, Patashnik, and Cohen-Or 2021a). In
addition, we also calculated the average identity similarity
(Huang et al. 2020) score as the indicator of identity preser-
vation. As shown in Table 2, our method and e4e (Tov et al.
2021) achieve the best attribute control competency, while
our method achieve the best identity preservation, implying
that our method faithfully manipulates the target attribute
without producing unwanted changes along other attributes.

Ablation Study

We compare the effects of spatial and global modulations
mentioned on image reconstruction and editing. As shown
in Figure 6, using the global modulation only (3rd column)
sees missing details such as earrings and hairstyles. In con-
trast, using spatial modulation only improves the reconstruc-
tion quality, but produces noticeable artifacts for attribute
editing where deformation happens (5th column). The ratio-
nal design of the SG module that combines the spatial and
global modulation performs the best in reconstruction (4th
column) and editing (7th column). Furthermore, we conduct
additional ablation studies on the input of the rectifying net-
work. Please refer to supplementary materials for detailed
experimental analysis.

Generalizability

Unseen Manipulations In this work, we use DyStyle (Li
et al. 2021) to generate the editing results required for the
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origin inversion red hair
Figure 7: The performance of our rectifying network as used
to reconstruct the results of unseen attribute manipulations

by StyleCLIP (Patashnik et al. 2021).

our rec smile

glasses

Figure 8: The GAN inversion error rectifying results on the
Metface (Karras et al. 2020a) dataset.

training of the rectifying network. However, what is inspir-
ing is that the performance of the rectifying network for ma-
nipulations of unseen attributes such as hair color, bangs, or
face shape is also plausible: see Figure 7. This implies that
the generator has learned to align the two inputs regardless
of the edit types.

Out-of-Domain Images All networks in Phase I and
Phase II are trained with images from the same domain.
However, we discover that our rectifying network works
well on certain unseen images out of the target domain. As
shown in Figure 8, the editing results on the artistic portrait
dataset can be rectified with the rectifying network trained
on FFHQ dataset without any fine-tuning. This implies that
our rectifying network has learned to fuse and repair the in-
puts without overfitting into a specific domain.

Conclusions

We propose ReGANIE, a novel two-phase framework
for accurate latent-based realistic image editing. Com-
pared to previous encoder-based or optimization-based
inversion-and-editing methods that perform reconstruction
and editing with one generator, we successfully resolve the
reconstruction-editability trade-off by designating separate
networks to deal with the editing and reconstruction respec-
tively. As a result, we achieve the most accurate real image
editing results, without significantly increasing the inference
time. Furthermore, ReGANIE exhibits great generalization
towards unseen manipulation types (e.g., unseen attributes
of editing and certain out-of-domain images). Finally, our
framework is scalable and can be customized by choosing
different GAN inversion methods or style editors for spe-
cific scenarios.
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