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Figure 1. Face video editing. Our editing method shows improvement compared to the baseline [35] in terms of temporal consis-
tency (left, “eyeglasses”) and robustness to the unusual case such as the hand-occluded face (right, “beard”).

Abstract
Inspired by the impressive performance of recent face

image editing methods, several studies have been naturally
proposed to extend these methods to the face video editing
task. One of the main challenges here is temporal consis-
tency among edited frames, which is still unresolved. To this
end, we propose a novel face video editing framework based
on diffusion autoencoders that can successfully extract the
decomposed features - for the first time as a face video edit-
ing model - of identity and motion from a given video. This
modeling allows us to edit the video by simply manipulat-
ing the temporally invariant feature to the desired direction
for the consistency. Another unique strength of our model
is that, since our model is based on diffusion models, it can
satisfy both reconstruction and edit capabilities at the same
time, and is robust to corner cases in wild face videos (e.g.
occluded faces) unlike the existing GAN-based methods.1

1. Introduction
As one of the standard tasks in computer vision to change

various face attributes such as hair color, gender, or glasses
1Project page: https://diff-video-ae.github.io

of a given face image, face editing has been continuously
gaining attention due to its various applications and en-
tertainment. In particular, with the improvement of analy-
sis and manipulation techniques for recent Generative Ad-
versarial Network (GAN) models [8, 11, 22, 29, 30], we
simply can do this task by manipulating a given image’s
latent feature. In addition, very recently, many methods
for face image editing also have been proposed based on
Diffusion Probabilistic Model (DPM)-based methods that
show high-quality and flexible manipulation performance
[3, 12, 17, 19, 23, 25].

Naturally, further studies [2, 35, 41] have been proposed
to extend image editing methods to incorporate the tempo-
ral axis for videos. Now, given real videos with a human
face, these studies try to manipulate some target facial at-
tributes with the other remaining features and motion in-
tact. They all basically edit each frame of a video inde-
pendently via off-the-shelf StyleGAN-based image editing
techniques [22, 29, 41].

Despite the advantages of StyleGAN in this task such as
high-resolution image generation capability and highly dis-
entangled semantic representation space, one harmful draw-
back of GAN-based editing methods is that the encoded real
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images cannot perfectly be recovered by the pretrained gen-
erator [1, 26, 34]. Especially, if a face in a given image is
unusually decorated or occluded by some objects, the fixed
generator cannot synthesize it. For perfect reconstruction,
several methods [6, 27] are suggested to further tune the
generator for GAN-inversion [26, 34] on one or a few tar-
get images, which is computationally expensive. Moreover,
after the fine-tuning, the original editability of GANs can-
not be guaranteed. This risk could be worse in video domain
since we have to finetune the model on the multiple frames.

Aside from the reconstruction issue of existing GAN-
based methods, it is critical in video editing tasks to con-
sider the temporal consistency among edited frames to pro-
duce realistic results. To address this, some prior works rely
on the smoothness of the latent trajectory of the original
frames [35] or smoothen the latent features directly [2] by
simply taking the same editing step for all frames. However,
smoothness does not ensure temporal consistency. Rather,
the same editing step can make different results for differ-
ent frames because it can be unintentionally entangled with
irrelevant motion features. For example, in the middle row
of Fig. 1, eyeglasses vary across time and sometimes dimin-
ish when the man closes his eyes.

In this paper, we propose a novel video editing frame-
work for human face video, termed Diffusion Video Au-
toencoder, that resolves the limitations of the prior works.
First, instead of GAN-based editing methods suffering from
imperfect reconstruction quality, we newly introduce diffu-
sion based model for face video editing tasks. As the re-
cently proposed diffusion autoencoder (DiffAE) [23] does,
thanks to the expressive latent spaces of the same size as
input space, our model learns a semantically meaningful la-
tent space that can perfectly recover the original image back
and are directly editable. Not only that, for the first time as
a video editing model, encode the decomposed features of
the video: 1) identity feature shared by all frames, 2) fea-
ture of motion or facial expression in each frame, and 3)
background feature that could not have high-level represen-
tation due to large variances. Then, for consistent editing,
we simply manipulate a single invariant feature for the de-
sired attribute (single editing operation per video), which is
also computationally beneficial compared to the prior works
that require editing the latent features of all frames.

We experimentally demonstrate that our model appropri-
ately decomposes videos into time-invariant and per-frame
variant features and can provide temporally consistent ma-
nipulation. Specifically, we explore two ways of manipula-
tion. The first one is to edit features in the predefined set
of attributes by moving semantic features to the target di-
rection found by learning linear classifier in semantic repre-
sentation space on annotated CelebA-HQ dataset [10]. Ad-
ditionally, we explore the text-based editing method that op-
timizes a time-invariant latent feature with CLIP loss [7]. It

is worth noting that since we cannot fully generate edited
images for CLIP loss due to the computational cost, we pro-
pose the novel strategy that rather uses latent state of inter-
mediate time step for the efficiency.

To summarize, our contribution is four-fold:

• We devise diffusion video autoencoders based on dif-
fusion autoencoders [23] that decompose the video
into a single time-invariant and per-frame time-variant
features for temporally consistent editing.

• Based on the decomposed representation of diffusion
video autoencoder, face video editing can be con-
ducted by editing only the single time-invariant iden-
tity feature and decoding it together with the remaining
original features.

• Owing to the nearly-perfect reconstruction ability of
diffusion models, our framework can be utilized to edit
exceptional cases such that a face is partially occluded
by some objects as well as usual cases.

• In addition to the existing predefined attributes edit-
ing method, we propose a text-based identity editing
method based on the local directional CLIP loss [7,24]
for the intermediately generated product of diffusion
video autoencoders.

2. Related Work
Video editing When editing a given real video, it is essen-
tial to preserve temporal consistency. First, Lai et al. [14]
consider editing global features of videos such as artistic
style transfer, colorization, image enhancement, etc. To en-
courage temporal consistency, they train sequential image
translator with temporal loss defined as the warping error
between the output frames.

Different from this work, our target task is to edit fa-
cial attributes of human face video. In other words, we aim
to change face-related attributes such as eyeglasses, beards,
etc. For this task, Yao et al. [41] are the first that propose
the editing pipeline: 1) align and crop the target face area,
2) encode these frames to latent features, manipulate and
decode them, and 3) unalign and paste the edited frames to
the original video. However, every step of this pipeline is
conducted independently for each frame. For the manipula-
tion step, they try to find disentangled editing directions for
a desired attribute and take the same step for every frame,
while expecting the disentanglement brings consistency au-
tomatically. However, the results show inconsistency and
we conjecture that both latent space and learned direction
are still entangled with many other attributes. Next, Tza-
ban et al. [35] additionally fine-tune the pretrained Style-
GAN [27] to enhance reconstructability. Meanwhile, they
assume that temporal consistency would be preserved when
applying the same editing step to the latent features of the
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original frames. However, their assumption is not always
true for all attributes, especially for beards and eyeglasses
as shown in Fig. 1. Alauf et al. [2] also try to avoid tempo-
ral inconsistency by smoothing latent features.

While the methods in the previous paragraph handle in-
consistency implicitly, several works [39, 40] try to solve it
more directly. After per-frame editing, Xu et al. [40] fur-
ther optimize latent codes and the pretrained StyleGAN to
enhance consistency between the frame pairs defined by in-
volving bi-directional optical flow. On the other hand, Xia
et al. [39] propose to learn the dynamics of inverted GAN
latent codes of video frames. The learned dynamics are used
to generate the subsequent latent features after editing only
the first frame.

Additionally, although Skorokhodov et al. [31] mainly
target to generate video, they also demonstrate manipulation
results of the generated video. They model the video with
a time-invariant content code and per-frame motion codes.
Based on this modeling, the generated video can be ma-
nipulated with a target text by optimizing its content vector
with CLIP loss. However, they cannot edit the real videos
due to the absence of an encoding method. In contrast, our
proposed method is capable of encoding and manipulating
realistic face videos.

Diffusion models Denoising diffusion probabilistic mod-
els (DDPMs) [9] associate image generation with the se-
quential denoising process of isotropic Gaussian noise. The
model is trained to predict the noise from the input im-
age. Unlike other generative models such as GANs and
most traditional-style VAEs that encode input data in a low-
dimensional space, diffusion models have a latent space
that is the same size as the input. Although DDPMs re-
quire a lot of feed-forward steps to generate samples, their
image fidelity and diversity are superior to other types of
generative models. Compared to DDPMs that assume a
Markovian noise-injecting forward diffusion process, De-
noising diffusion implicit models (DDIMs) [33] assume a
non-Markovian forward process that has the same marginal
distribution as DDPMs, and use its corresponding reverse
denoising process for sampling, which enables accelera-
tion of the rather onerous sampling process of DDPMs.
DDIMs also utilize a deterministic forward-backward pro-
cess and therefore show nearly-perfect reconstruction abil-
ity, which is not the case for DDPMs. In this paper, we adopt
conditional DDIMs to encode, manipulate and decode real
videos.

Image editing with diffusion models There are vari-
ous attempts to manipulate images with diffusion mod-
els [3, 12, 17, 19, 23, 25] such as text-guided inpainting
[3,19,25], stroke-based editing [17], and style transfer [12].
Among those, we are especially interested in facial attribute
editing tasks. Kim et al. [12] propose text-based image ma-

nipulation by optimizing an unconditional diffusion model
to minimize local directional CLIP loss [7]. This method is
superior to GAN-based methods as it can successfully edit
even occluded or overly decorated faces by the excellent re-
construction ability of diffusion models. However, due to
the absence of semantically meaningful latent space, there
exist some semantic features that are unable to be changed.
Another parallel work proposes diffusion autoencoder (Dif-
fAE) [23], which takes a learnable encoder to obtain seman-
tic representations of which the underlying diffusion model
is conditioned. The model can perform face attribute manip-
ulation by moving the semantic vector to a target direction.
Based on DiffAEs, we design our diffusion video autoen-
coders to perform temporally-consistent video editing.

3. Preliminaries
Diffusion probabilistic models (DPMs) DPMs [9,
32] are generative models that attempt to approx-
imate the data distribution q(x0) via p✓(x0) from
the reverse prediction of Markovian diffusion process
q(x1:T |x0) =

QT
t=1 q(xt|xt�1). Here, the forward process

of DPM is a Gaussian noise perturbation q(xt|xt�1) =
N (

p
1� �txt�1,�tI) where �t is fixed or learned vari-

ance schedule with increasing �1 < �2 < · · · < �T ,
adding gradually increasing noise to data x0, and its re-
verse process is denoising of xt step by step in reverse or-
der. From this definition, a noisy image xt at step t can
be expressed as xt =

p
↵tx0 +

p
1� ↵t✏, ✏ ⇠ N (0, I)

where ↵t =
Qt

s=1(1 � �s). While the true reverse pro-
cess q(xt�1|xt) is intractable, diffusion models approxi-
mate q(xt�1|xt, x0) with p✓(xt�1|xt) = N (µ✓(xt, t),�t)
by minimizing the variational lower bound of negative log-
likelihood. Finally, by reparameterizing µ✓, the objective is
given as Ex0⇠q(x0),✏t⇠N (0,I),t

��✏✓(xt, t)� ✏t
��2
2

where the
parameterized model ✏✓(xt, t) estimates the true Gaussian
noise term 1p

1�↵t
(xt �

p
↵tx0) in the forward process.

Speeding up a time-consuming sampling process of dif-
fusion models is one of the core research topics related
to diffusion models [20, 33]. Among others, Song et al.
[33] propose DDIM, which assumes a non-Markovian for-
ward process q(xt|xt�1, x0) that has the same marginal dis-
tribution q(xt|x0) with DDPMs. The corresponding gen-
erative process of DDIM is xt�1 =

p
↵t�1f✓(xt, t) +p

1� ↵t�1 � �2
t ✏✓(xt, t) + �2

t z where z ⇠ N (0, I), � is
sampling stochasticity and f✓(xt, t), the estimated value of
x0 at time step t, is as follow:

f✓(xt, t) =
xt �

p
1� ↵t✏✓(xt, t)p

↵t
.

When � is set to 0, this process becomes deterministic. With
deterministic forward and reverse processes, we can obtain
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Figure 2. Overview of our Diffusion Video Autoencoder.

the latent code of each original sample, which can recon-
struct the original sample through the reverse process.

Diffusion autoencoders Due to the determinacy of its
sampling process, DDIM can reconstruct the original im-
age x0 from xT obtained through T forward process steps.
While xT can be considered as a latent state with the same
size as x0, it does not contain high-level semantic informa-
tion [23]. To supplement this, Prechakul et al. propose dif-
fusion autoencoder (DiffAE) [23] based on DDIM. DiffAE
utilizes two forms of latent variables: zsem for the useful
high-level semantic representation and xT for the remain-
ing low-level stochasticity information. DiffAE introduces
a semantic encoder Enc(x0) which extracts zsem from an
image, and makes a noise estimator ✏✓(x, t, zsem) condi-
tioned on zsem. Stochastic latent xT is calculated through
the deterministic DDIM forward process [33] that involves
the noise estimator ✏✓ given zsem. Then, (zsem, xT ) is de-
coded to reconstruct the corresponding original image x0

with p✓(x0:T |zsem) = p(xT )
QT

t=1 p✓(xt�1|xt, zsem). Dif-
fAE is trained with simple DDPM loss, as done with DDIM.
The differences between DiffAE and DDIM are that an ad-
ditional variable zsem is involved as a conditioning variable
during the reverse process (and thus the training process)
and that the noise estimator ✏✓ and semantic encoder Enc
are jointly trained. As a result, through the training phase,
zsem is learned to capture the high-level semantic informa-
tion of the image, and the low-level stochastic variations
remain in xT .

4. Diffusion Video Autoencoders
In this section, we introduce a video autoencoder, called

Diffusion Video Autoencoder, specially designed for face
video editing to have 1) superb reconstruction performance

and 2) an editable representation space for the identity fea-
ture of the video disentangled with the per-frame features
changing over time. The details of the model components
and the training procedure are explained in Sec. 4.1 and then
two different editing methods based on our model are pre-
sented in Sec. 4.2. We provide the overview in Fig. 2.

4.1. Disentangled Video Encoding

To encode the video with N frames {x(n)
0 }Nn=1, we con-

sider the time-invariant feature of human face videos as
human identity information, and the time-dependent fea-
ture for each frame as motion and background information.
Among these three, identity or motion information relevant
to a face is appropriate to be projected to a low-dimensional
space to extract high-level representation. Comparatively,
the background shows high variance with arbitrary details
and changes more with the head movement by cropping and
aligning the face region. Therefore, it could be very diffi-
cult to encode the background information into a high-level
semantic space. Thus, identity and motion features are en-
coded in high-level semantic space z(n)face, combining iden-
tity feature zid of the video and motion feature z(n)lnd of each
frame, and the background feature is encoded in noise map
x(n)
T (see Fig. 2a). We denote zid without superscript (n) for

frame index since it is the time-invariant and shared across
all frames of the video.

To achieve this decomposition, our model consists of two
separated semantic encoders - an identity encoder Eid and a
landmark encoder Elnd - and a conditional noise estimator
✏✓ for diffusion modeling. The encoded features (zid, z

(n)
lnd)

by the two encoders are concatenated and passed through
an MLP to finally get a face-related feature z(n)face. Next, to
encode noise map x(n)

T , we run the deterministic forward
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process of DDIM using noise estimator ✏✓ with conditioned
on z(n)face. Since noise map x(n)

T is a spatial variable with the
same size as the image, it is expected that information in the
background can be encoded more easily without loss of spa-
tial information. Then, the encoded features (x(n)

T , z(n)face)
can be reconstructed to the original frame by running gen-
erative reverse process of conditional DDIM in a determin-
istic manner:

p✓(x0:T |zface) = p(xT )
TY

t=1

p✓(xt�1|xt, zface).

To obtain the identity feature disentangled with the mo-
tion, we choose to leverage a pretrained model for identity
detection, named ArcFace [5]. ArcFace is trained to classify
human identity in face images regardless of poses or expres-
sions, so we expect it to provide the disentangled property
we need. Nevertheless, when an identity feature is extracted
for each frame through the pretrained identity encoder, the
feature may be slightly different for each frame because
some frames may have partial identity features for some
reasons (e.g. excessive side view poses). To alleviate this
issue, we average the identity features z(n)id = Eid(x

(n)
0 )

of all frames in the inference phase. Similarly, we obtain
per-frame motion information via a pretrained landmark de-
tection model [4] which outputs the position of face land-
marks. Several studies [21,36] have shown that it is possible
to have a sufficiently disentangled nature by extracting fea-
tures through a pretrained encoder without learning. There-
fore, diffusion video autoencoders extract an identity and
also a landmark feature of the image through the pretrained
encoders and map them together to the high-level semantic
space for face features through an additional learnable MLP.

Next, we explain how the learnable part of our model is
trained. Fig. 2b summarizes our training process. For sim-
plicity, from now on, we drop the superscript of frame in-
dex. Our objective consists of two parts. The first one is the
simple version of DDPM loss [9] as

Lsimple = Ex0⇠q(x0),✏t⇠N (0,I),t

��✏✓(xt, t, zface)� ✏t
��
1

where zface is an encoded high-level feature of input im-
age x0. It encourages the useful information of the image to
be well contained in the semantic latent zface and exploited
by ✏✓ for denoising. Secondly, we devise a regularization
loss to hinder face information (identity and motion) from
leaking to xT but contained in zface as much as possible for
clear decomposition between background and face informa-
tion. If some face information is lost in zface, the lost in-
formation would remain in the noise latent xT unintention-
ally. To avoid it, we sample two different Gaussian noises
✏1 and ✏2 to obtain different noisy samples xt,1 and xt,2,
respectively. Then, we minimize the difference between the
estimated original images f✓,1 and f✓,2 except for the back-

!!! !"!!"# !"!" !"#$

1. Conditional sampling with !$% for prediction of each noise level

!!!"#%&'# 	 !!#%&'#	 !!&%&'#	

⋯

⋯

!$

"$%

$'&

⋯

2. Conditional sampling with trainable (!"#$% and optimize with ℒ)*+,

ℒ)*+, ℒ)*+, ℒ)*+,

Figure 3. Process of computing noisy CLIP loss.

ground part as:

Lreg = Ex0⇠q(x0),✏1,✏2⇠N (0,I),t

��f✓,1 �m� f✓,2 �m
��
1

where m is a segmentation mask of a face region in the orig-
inal image x0 and f✓,i = f✓(xt,i, t, zface). As a result, the
effect of noise in xt on the face region will be reduced and
zface will be responsible for face features for the generation
(See Fig. 7). In Sec. 5.5, we demonstrate the desired effect
of Lreg. The final loss of diffusion video autoencoders is as
follows: Ldva = Lsimple + Lreg.

4.2. Video Editing Framework
We now describe our video editing framework with

our diffusion video autoencoders. First, all video frames
{In}Nn=1 are aligned and cropped for interesting face re-
gions as in [35]. The cropped frames {x(n)

0 }Nn=1 are then
encoded to latent features using our diffusion video autoen-
coder. To extract the representative identity feature of the
video, we average identity features of each frame as

zid,rep =
1

N

NX

n=1

(z(n)id ),

where z(n)id = Eid(x
(n)
0 ). Similarly, the per-frame landmark

feature is computed as z(n)lnd = Elnd(x
(n)
0 ) to finally ob-

tain per-frame face features z(n)face = MLP (zid,rep, z
(n)
lnd).

After that, we compute x(n)
T with DDIM forward process

conditioning z(n)face. Thereafter, manipulation is conducted
by editing zid,rep to zeditid, rep using a pretrained linear
attribute-classifier of the identity space or text-based opti-
mization which we will discuss in more detail later. Af-
ter modifying the representative identity feature zeditid,rep,
the edited frame x̂(n),edit

0 is generated by the conditional
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Figure 4. Comparison of temporal consistency to the previous video editing methods for ‘beard’.

reverse process with (z(n),editface , x(n)
T ) where z(n),editface =

MLP (zeditid,rep, z
(n)
lnd). Afterward, as with all previous work,

the face part of the edited frame is pasted to the correspond-
ing area of the original frame to create a clean final result.
For this process, we segment face regions using a pretrained
segmentation network [42]. Below, we explore two editing
methods for our video editing framework.

Classifier-based editing First, as in DiffAE [23], we
train a linear classifier Cattr(zid) = sigmoid(w>

attrzid)
for each attribute attr on CelebA-HQ’s [10] with its at-
tribute annotation in the identity feature space. To change
attr, we move the identity feature zid to `2Norm(zid +
swattr) with a scale hyperparameter s.

CLIP-based editing Since the pretrained classifier allows
editing only for several predefined attributes, we addition-
ally devise the CLIP-guidance identity feature optimization
method. Directional CLIP loss [7] requires two images cor-
responding to one for neutral text and one for target text,
respectively. It implies that we need the synthesized images
with our diffusion model, which is costly with full gener-
ative process. Therefore, to reduce the computational cost,
we use the drastically reduced number of steps S (⌧ T )
for image sampling. In other words, we consider the time

steps t1, t2, . . . , tS where 0 = t0 < t1 < . . . < tS  T
and evenly split T . Thereafter, we compute xtS from the
given image x0 that we want to edit (normally chosen as
the first frame x(1)

0 of the video) through S-step of for-
ward process with zid = Eid(x0). Through the sequen-
tial reverse steps from xtS , we recover x̂ts for each time
ts where s = (S � 1), ..., 0 with the original zid. Mean-
while, xeditts are obtained by the single reverse step from
x̂ts+1 but with variable zoptid being optimized initialized to
zid (See Fig. 3). Finally, we minimize the directional CLIP
loss [7] between intermediate images x̂ts and xeditts , which
are still noisy, for all s with a neutral (e.g. “face”) and a
target text (e.g. “face with eyeglasses”). We choose inter-
mediate images xeditts , x̂ts from x̂ts+1 instead of estimated
x0 to compute CLIP loss because to estimate x0 directly
from xts is incomplete and erroneous for large ts. There-
fore, we expect that conservatively choosing intermediate
images will help to find the edit direction more reliably. We
refer the reader to Appendix B for the ablation study of our
noisy CLIP loss. In addition to the CLIP loss, to preserve
the remaining attributes, we also use ID loss (cosine dis-
tance between zid and zoptid ) and `1 loss between face parts
of x̂ts and xeditts for all s. After all, the learned editing step
�zid = zoptid � zid is applied to zid,rep.
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Table 1. Quantitative reconstruction results on the randomly
chosen 20 videos in VoxCeleb1 test set. The reported values are
the mean of the averaged per-frame measurements for each video.

Method SSIM " MS-SSIM " LPIPS # MSE #
e4e [34] 0.509 0.761 0.157 0.037
PTI [27] 0.765 0.939 0.063 0.007
Ours (T = 20) 0.540 0.905 0.228 0.016
Ours (T = 100) 0.922 0.989 0.045 0.002

Table 2. Quantitative results to evaluate temporal consistency.
Ours show the best global coherency and comparable local consis-
tency to the baselines.

Method TL-ID TG-ID
Yao et al. [41] 0.989 0.920
Tzaban et al. [35] 0.997 0.961
Xu et al. [40] 1.002 0.983
Ours 0.995 0.996

5. Experiments

In this section, we present the experimental results
to confirm reconstruction performance (Sec. 5.1), tempo-
rally consistent editing ability (Sec. 5.2), robustness to
the unusual samples (Sec. 5.3), and disentanglement of
the encoded features (Sec. 5.4) with further ablation study
(Sec. 5.5). For this purpose, we train our diffusion video au-
toencoder on 77294 videos of the VoxCeleb1 dataset [18].
As preprocessing, frames of the video are aligned and
cropped as in [35] like the FFHQ dataset. Next, they are
resized to the size of 2562. For the noise estimator ✏✓, the
UNet improved by [20] is used, and we train diffusion video
autoencoder for 1 million steps with a batch size of 16.
Please see more details in Appendix A.

5.1. Reconstruction

For video editing, the ability to reconstruct the origi-
nal video from the encoded one must be preceded. Other-
wise, we will lose the original one before we even edit the
video. To compare this ability with baselines quantitatively,
we measure frequently used metrics for reconstruction -
SSIM [37], Multi-scaled (MS) SSIM [38], LPIPS [43], and
MSE - on randomly selected 20 videos in the test set of
VoxCeleb1. As baselines, we compared our model with the
GAN-based inversion method e4e [34] and PTI [27] used
by Yao et al. [41] and Tzaban et al. [35], respectively. Since
StyleGAN-based methods handle the higher resolution im-
ages with the size of 10242, we resize the reconstructed re-
sults to 2562 for comparison. For our method, we vary the
number of diffusion steps T to observe computational cost
and image quality trade-offs. In Tab. 1, our diffusion video
autoencoder with T = 100 shows the best reconstruction
ability and still outperforms e4e with only T = 20.

Input Yao et al. [41] Tzaban et al. [35] Ours

Figure 5. Editing wild face videos that GAN-based prior works
struggled with. Classifier-based editing is used to make the person
”young” (up) or change a ”gender” (below).

5.2. Temporal Consistency
In Fig. 4, a visual comparison is conducted to evaluate

the video editing performance of our diffusion video au-
toencoder qualitatively. We edit the given video to gener-
ate a beard through text-based guidance except for Yao et
al. [41], which only allows to edit predefined attributes, by
moving to the opposite direction of “no beard”. As a re-
sult, we demonstrate that only our diffusion video autoen-
coder successfully produces the consistent result. Specifi-
cally, Yao et al. [41] fail to preserve the original identity
due to the limitations of GAN inversion. In the result of
Tzaban et al. [35], the shape and the amount of beard con-
stantly changes according to the lip motion. Although Xu et
al. [40] show better but not perfect consistency, the motions
unintentionally change as a side effect. The inconsistency
can be observed more clearly between the second and the
fifth column except for ours showing a reliable result.

Furthermore, we quantitatively evaluate the temporal
consistency of Fig. 4 in Tab. 2. Although there is no per-
fect metric for temporal consistency of videos, TL-ID and
TG-ID [35] imply the local and global consistency of iden-
tity between adjacent frames and across all frames, respec-
tively, compared to the original. These metrics can be inter-
preted as being consistent as the original is when their val-
ues are close to 1. We emphasize that we greatly improve
global consistency. TL-ID of Xu et al. [40] is larger than
1 because the motion of the editing results shrinks so that
the adjacent frames become closer to each other than the
original. Additional quantitative comparisons of temporal
consistency, editing quality, and time cost are summarized
in Appendix C.

5.3. Editing Wild Face Videos
Owing to the reconstructability of diffusion models, edit-

ing wild videos that are difficult to inversion by GAN-based
methods becomes possible. As shown in Fig. 5, unlike oth-
ers, our method robustly reconstructs and edits the given
images effectively.
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Figure 6. Demonstration of the disentangled video encoding.

5.4. Decomposed Features Analysis

To demonstrate whether the diffusion video autoencoder
decomposes the features adequately, we examine the syn-
thesized images by changing each element of the decom-
posed features. To this end, we encode the frames of two
different videos and then generate samples with a random
noise or exchange the respective elements with each other
in Fig. 6. When we decode the semantic latent zface with a
Gaussian noise instead of the original noise latent xT , it has
a blurry background that is different from the original one,
while identity and head pose are preserved considerably.
This result implies that xT contains only the background
information, as we intended. Moreover, the generated im-
ages with switched identity, motion, and background feature
confirm that the features are properly decomposed and the
diffusion video autoencoder can produce a realistic image
even with the new combination of the features. However,
with extreme changes in the head position, the background
occluded by the face is not properly generated because the
taken xT has no information about background in that area
(See the last column of the lower example in Fig. 6).

5.5. Ablation Study

We further conduct an ablation study on our proposed
regularization loss Lreg. First, we train the model with the
same setting but ablating Lreg. As shown in Fig. 7, neither
model has a problem with reconstruction. However, without
the regularization loss, the identity changes significantly ac-
cording to the random noise. Thus we can conclude that the
regularization loss helps the model to decompose features
effectively.
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Figure 7. Ablation of using regularization loss for training. Regu-
larization loss helps the model to contain identity and motion in-
formation in zface as much as possible.

6. Conclusions

To tackle the temporal consistency problem in editing
human face video, we have proposed a novel framework
with the newly designed video diffusion autoencoder which
encodes the identity, motion, and background information
in a disentangled manner and decodes after editing a sin-
gle identity feature. Through the disentanglement, the most
valuable strength of our framework is that we can search the
desired editing direction for only one frame and then edit
the remaining frames with temporal consistency by mov-
ing the representative video identity feature. Additionally,
the wild face video can be reliably edited by the advantage
of the diffusion model that is superior in reconstruction to
GAN. Finally, we have explored to optimize the semantic
identity feature with CLIP loss for text-based video editing.
Please refer to the Appendix D for the limitations and fur-
ther discussion.
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