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Figure 1. We propose VIVE3D, a novel method that creates a powerful personalized 3D-aware generator using a low number of selected
images of a target person. Given a new video of that person, we can faithfully modify several facial attributes as well as the camera
viewpoint of the head crop. Finally, we seamlessly composite the edited face with the source frame in a temporally and spatially consistent
manner, while retaining a plausible composition with the static components of the frame outside of the generator’s region. The dotted
squares in the center frame denote the reference regions for the three different camera poses in the column below.

Abstract
We introduce VIVE3D, a novel approach that extends the

capabilities of image-based 3D GANs to video editing and
is able to represent the input video in an identity-preserving
and temporally consistent way. We propose two new build-
ing blocks. First, we introduce a novel GAN inversion tech-
nique specifically tailored to 3D GANs by jointly embedding
multiple frames and optimizing for the camera parameters.
Second, besides traditional semantic face edits (e.g. for age
and expression), we are the first to demonstrate edits that
show novel views of the head enabled by the inherent prop-
erties of 3D GANs and our optical flow-guided compositing
technique to combine the head with the background video.
Our experiments demonstrate that VIVE3D generates high-
fidelity face edits at consistent quality from a range of cam-
era viewpoints which are composited with the original video
in a temporally and spatially consistent manner.

*This work was conducted during an internship at Meta RL Research.

1. Introduction

Semantic image editing has been an active research topic
for the past few years. Previous work [21] uses Generative
Adversarial Networks (GANs) to produce high-fidelity re-
sults in the image space. The most popular backbone is
StyleGAN [26–29] as it generates high-resolution domain-
specific images while providing a disentangled latent space
that can be utilized for editing operations. To edit real pho-
tographs, there are typically two steps: The first step maps
the input image to the latent space of a pre-trained gener-
ator. This is usually accomplished either through encoder-
based embedding or through optimization, such that gen-
erator can accurately reconstruct the image from the latent
code [53]. The second step is semantic image manipula-
tion, where one latent input representation is mapped to an-
other to obtain a certain attribute edit, (e.g. changing age,
facial expression, glasses, or hairstyle). While existing ap-
proaches produce impressive results on single images, ex-
tending them to videos is far from straightforward. Among
the challenges that arise are: (1) people tend to move their
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heads freely in videos (instead of assuming frontal image
inputs), (2) the inversion of multiple frames should be coor-
dinated, (3) the inverted face and edits need to be temporally
consistent and (4) the compositing of the edited face with
the original frame must maintain boundary consistency.

A recent set of approaches has focused on 3D-aware
GANs where a 2D face generator is combined with a neural
renderer. Given a latent code, a 2D image and the under-
lying 3D geometry are generated, thus allowing for some
camera movement while rendering the head of the person.

In this paper, we tackle the problem of viewpoint-
independent face editing in videos. The edited face is ren-
dered from novel views in a temporally-consistent man-
ner. Speci�cally, we use a 3D-aware GAN in the tempo-
ral domain and apply facial image editing techniques per
frame that are temporally smooth regardless of the ren-
dered view. Compared with other GAN-based video edit-
ing approaches [5, 48], our method is the �rst to perform
viewpoint-independent video editing while showing the full
upper body of the person in the video with high �delity.

VIVE3D takes a video of a person captured from a
monocular camera as input. The captured person can move
freely across time, talk, and make facial expressions while
their body can be visible. Unlike all prior work that learns
a generator and performs edits on the exact same video, we
disentangle these steps. Hence the output of our approach
can be a different video of the same person or the same
video. In both cases, the face has undergone one or more
attribute edits and is rendered from a novel view. To ac-
complish this challenging task, we introduce several novel
components, each addressing one challenge of the problem
at hand. Speci�cally, we �rst propose a simple yet effec-
tive technique to create a personalized generator by invert-
ing multiple frames at the same time. The simultaneous
inversion ofN frames exposes the generator to a variety
of facial poses and expressions, which results in a larger ca-
pacity that we can then utilize. Our generator can generalize
to new unseen videos of the same identity where the per-
son might be wearing a different shirt, a result not demon-
strated in the literature so far. In addition, we propose to
optimize the camera pose of the 3D-aware GAN during in-
version to obtain an accurate estimate which angle the face
was captured from. Finally, we introduce an optical �ow-
based compositing method to properly place the novel view
of the edited face back into the original frame while ensur-
ing that the end result is temporally and spatially consistent.
Our experimental work provides a wide range of qualita-
tive and quantitative results to demonstrate that VIVE3D
accomplishes semantic video editing with changing camera
poses in a faithful way. In summary, our contributions are:

• A new 3D GAN inversion technique that jointly embeds
multiple images while optimizing for their camera poses.

• A complete attribute editing framework and an optical
�ow-based compositing technique to replace the edited
face in the original video.

• VIVE3D is the �rst 3D GAN-based video editing method
and the �rst that can change the camera pose of the face.

2. Related Work
GAN Inversion. GANs are a powerful tool for seman-
tic editing. Most editing techniques are tailored to Style-
GAN, the state-of-the-art of 2D GANs [26–29]. Several
editing techniques [10, 18, 19, 25, 34] build upon Style-
GAN as it uses an intermediate disentangled latent space,
usually referred to asw-space. Before editing, a latent
space representation of the input image has to be recov-
ered using a process typically referred to as Inversion or
Projection [1, 2, 12, 50]. Refer to [52] for a survey of in-
version techniques. In contrast to optimization-based in-
version techniques, learning-based approaches attempt to
obtain faster latent space correspondences by training en-
coders [4,36,47]. In order to retain the generalization abil-
ity of thew-space while providing a high-quality inversion,
Pivotal Tuning [37] has successfully shown that trained gen-
erators can over�t to target images while still maintaining a
navigable latent space. Recent works study 3D GAN inver-
sion [30, 31], attempting to infer a 3D representation for a
reference image.
GAN-based Latent Space Editing. Once an appropriate
latent space representation of an input image has been re-
covered, semantic edits can be applied by navigating the
latent space manifold surrounding the inverted latent code.
Unsupervised techniques attempt to �nd interesting edits
without labeled data [22,24,41,49]. InterfaceGAN [39,40]
is a simple and robust supervised technique that is highly
recommended for practical applications, and as such we
also employ it in our work. While there is a plethora of
other techniques [3, 11, 44, 45, 55, 59] the development of
related latent space manipulations itself is not the focus of
our work. Another line of work is text-based editing which
gained immense popularity during the last year [20,35].
3D-aware GANs.Recent GAN papers attempt to discover
3D information from large collections of 2D images us-
ing Neural Radiance Fields (NeRFs) as shape representa-
tions [8, 9, 14, 23, 33, 38, 58]. While most of these papers
share similar architectural ideas, EG3D [9] has emerged as
a popular basis for follow-up work (e.g. integration of a seg-
mentation branch [43]). We chose to build upon EG3D, but
our work is also applicable to other generators with a simi-
lar latent space. For more information on 3D GAN architec-
tures, we refer the interested reader to a recent survey [51].
Video Synthesis and Editing. One branch of work at-
tempts to leverage 2D GANs to generate video sequences
[17, 42, 46, 57]. These ideas can be extended to create 3D
videos [6], which also rely on 3D NeRFs.
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Figure 2.VIVE3D Pipeline. To create an edited video, we �rst need to create a personalized generator by jointly inverting selected faces
and �ne-tuning a pre-trained generator. We then invert the cropped face regions from a source video (which could be the same or a different
video) into our personalized generator and recover the latent codes and camera poses for each target frame. We are able to perform semantic
editing on the inverted stack of latent codes using previously discovered latent space directions and we can freely change the camera path
around the face region. In order to composite the face with the source frame in a consistent fashion, we use optical �ow to correct the
position of the inset within the frame, which allows us to composite the result in a seamless and temporally consistent fashion.

GAN-based Video Editing. GAN-based video editing is
the core topic of this paper. Duonget al. [15] employ deep
reinforcement learning for automatic face aging. Latent-
Transformer [55] encodes frames into the StyleGAN la-
tent space using an encoder. They train a transformer to
do attribute editing on single frames and blend the result
with Poisson blending. The main competitor to our work is
Stitch it in Time (StiiT) [48], which crops the faces from a
video, edits them with 2D GAN techniques, and merges the
edited result back to the video with some blending. How-
ever, StiiT does not learn a 3D model of the human head,
over�ts to a particular video, and is unable to provide edits
to the viewpoint of the human head. Recently, VideoEdit-
GAN (VEG) [54] attempted to improve the temporal consis-
tency of StiiT by running a two-step optimization approach
focused on localized temporal coherence. Alalufet al. [5]
use StyleGAN3 for video editing, to leverage its inherent
alignment capabilities and reduce texture sticking artifacts.
Since this is an active area of research, all these techniques
are concurrent work to our method, yet we do provide com-
parisons to showcase the bene�ts of our proposed approach.

3. Method
In this section, we introduce the key components of

VIVE3D to perform frame-by-frame video editing while al-
lowing for rendering the edited face from new views. We
leverage a 3D-aware generator that infers 3D geometry and
camera positions while being trained solely on 2D images.
We build a personalized 3D-aware generator by performing
joint inversion on multiple frames and then use it to perform
attribute editing, apply camera viewpoint changes, and �-
nally composite the edited face rendered from a new view
back into the original frame. An overview of our proposed

approach is depicted in Fig. 2 while the personalized gener-
ator architecture is shown in Fig. 3.

3.1. Personalized 3D­Aware Generator

Face Selection and Cropping. To create a personalized
3D-aware GAN model, we start by processing a short range
from the input video whereN frames are selected such that
they cover a range of orientations and facial expressions of
the target person. We detect the facial keypoints within
these frames using an off-the-shelf facial keypoint detec-
tor [7] and use them to determine the face bounding box
within the frame. This is achieved by calculating a rigid
transformation from the facial keypoints in the frame to
the facial keypoints in a generated example image, thereby
aligning the keypoints at the center of the crop in the same
way as the generator's original training data. We pick a spe-
ci�c �eld of view for cropping the faces and optimizing the
generator, but the �eld of view remains a �exible parameter
that can be adapted during any later stage in the pipeline.
Simultaneous Inversion.We propose to perform multiple
inversions simultaneously. EG3D has two major compo-
nents in its generator. The �rst component uses a mapping
network to map random vectors into a semantically mean-
ingful space, calledw-space. Vectors in this space control a
3D neural �eld that de�nes a 3D representation that is ren-
dered using volumetric rendering. The second component
is a 2D upsampler that performs a4� super-resolution on
the original output. We invert all selected faces simultane-
ously into thew-space following a strategy similar to [37]
that we discuss in detail below.

In order to �nd a representation inw-space, we de�ne a
“global” w ID aiming at capturing the global identity fea-
tures of the target person, and a “local” offset vectoron
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