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Figure 1: We present swap (left), zero-shot (middle), and multifactor disentanglement (right) results
on multiple real-world and high-resolution visual datasets. See Sec. for further details.

ABSTRACT

Unsupervised representation learning, in particular, sequential disentanglement,
where the goal is to learn disentangled static and dynamic factors of variation,
remains a significant challenge due to the absence of labels. Existing models,
based on variational autoencoders and generative adversarial networks, achieved
success in certain domains, but they often struggle with disentangling sequences,
especially when dealing with real-world complexity and variability. Further, there
is no real-world evaluation protocol for assessing the effectiveness of sequential
disentanglement models. Recently, diffusion autoencoders have emerged as a new
promising generative model, offering semantically rich representations by gradual
noise-to-data transformations. Despite their advantages, these models face limi-
tations: they are non-sequential, fail to disentangle the latent space effectively,
and are computationally intensive, making them difficult to scale to sequences.
In this work, we introduce our diffusion sequential disentanglement autoencoder
(DiffSDA), a novel approach effective on real-world visual data and accompanied
by a new and challenging evaluation protocol. DiffSDA is based on a new prob-
abilistic modeling and is implemented using latent diffusion models and efficient
samplers, facilitating processing of high-resolution videos. We test our approach
on several real-world datasets and metrics, and we demonstrate its effectiveness
in comparison to recent state-of-the-art sequential disentanglement methods.

1 INTRODUCTION

As deep learning models progress, the need for extensive labeled data made unsupervised learning
crucial (Bengio et al.}[2012). Within unsupervised learning, disentangled representation learning is
particularly important (Bengio et al.,[2013). This approach aims to factorize latent encodings from
data so that each factor represents a distinct variation, enhancing explainability 2020),
reducing biases (Creager et all, 2019), and improving generalizability (Zhang et al.,[2022). A key
challenge is modeling sequential data, such as videos, where latent encodings are split into static and
dynamic factors. For example, in a video of a person talking, facial appearance is the static factor,
and facial motions encode the dynamic factors. This paper focuses on disentangling and evaluating
real-world, high-quality visual sequential information in an unsupervised manner.
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Most existing sequential disentanglement works, e.g., (Tulyakov et al., 2018} [Yingzhen & Mandyt,
2018} Bai et al., (2021} [Han et al., 2021; [Naiman et al., 2023) are based on variational autoencoders
(VAESs) (Kingma, 2013) and generative adversarial networks (GANs) (Goodfellow et al.,[2014). Un-
fortunately, processing real-world data is challenging for VAEs as they produce blurry images and
although several approaches have been proposed to address this issue (Razavi et al. [2019; |Vahdat
& Kautz| [2020), these methods often result in a significantly larger hierarchical latent space, poten-
tially complicating disentanglement. In practice, state-of-the-art sequential disentanglement mod-
els struggle to capture the complexities of real-world, high-quality datasets, and thus, they mostly
demonstrate their applicability on simple, often toy, examples, see Fig.[3] Another related limita-
tion is the lack of a real-world benchmark. Such absence goes beyond the current evaluation on
simple data—there is no standardized, robust, and reliable evaluation protocol involving real-world,
high-quality visual sequential data and unsupervised metrics. We advocate that improving these two
objectives, namely, designing new models and proposing new evaluation protocols for real-world
data and tasks may lead to fundamental advances in unsupervised sequential disentanglement.

One approach for improving real-world capabilities of sequential disentanglement techniques is to
incorporate them within diffusion models (Sohl-Dickstein et al. |2015), which have been showing
superior results over GANs’ and VAEs’ visual generative quality (Ho et al., 2020; Preechakul et al.,
2022). Unfortunately, the latent variables of diffusion models lack a semantic structure that is cru-
cial for disentangled learning. Consequently, recent work has extended diffusion models to have
an autoencoder structure, facilitating the learning of meaningful representations (Preechakul et al.,
2022; Wang et al., |2023). However, diffusion autoencoder (DiffAE) models can not be used for
unsupervised sequential disentanglement directly due to three main limitations. First, these mod-
els were primarily designed for non-sequential information. Second, while semantic information
becomes available in DiffAE, it is not factorized to separate disentangled factors. Finally, existing
DiffAE works are computationally restrictive, requiring many resources to process high-quality and
high-resolution data.

We address the first objective above by proposing a novel diffusion sequential disentanglement au-
toencoder (DiffSDA) that extends DiffAE works by alleviating their challenges. We improve the
first two issues by basing our encoder on a new probabilistic disentanglement model that has no
constraints on the prior distribution of the static and dynamic latents, unlike previous models. This
flexibility facilitates learning of expressive representations, it significantly reduces the number of
required hyper-parameters, and it is easy to code using vanilla recurrent modules and a U-Net (Ron-
neberger et al.| 2015)). To alleviate the third challenge, our decoder exploits the recent advances on
stochastic differential equations (SDEs) (Song et al., 2021) and diffusion models, supporting train-
ing via a simple score matching loss. In addition, we adapt an efficient and lightweight sampling
framework known as EDM (Karras et al., 2022) to our setup, allowing fast sampling with only 63
network evaluations. Finally, to process high-resolution visual sequential data with reasonable com-
putational requirements, we incorporate a latent diffusion module (LDM) (Rombach et al.| 2022)
into our pipeline. Overall, we develop an SDE-based LDM-EDM decoder.

Toward addressing the second objective, we introduce a new evaluation protocol for visual sequen-
tial disentanglement models. Inspired by the existing quantitative and qualitative evaluation stan-
dard protocol (Bai et al. 2021)), we adopt current datasets and metrics, as well as introduce new
components. For data, we use three real-world and high-resolution visual datasets that have not
been previously used for sequential disentanglement. For metrics, we utilize qualitative conditional
and unconditional swap tasks. We also measure quantitatively by borrowing estimators from anima-
tion for assessing if objects and motions are preserved and suggest a new unsupervised swap metric.
Further, we propose a new test for assessing multifactor disentanglement capabilities. Finally, we
suggest a new realistic zero-shot test case where DiffSDA is trained on one dataset but evaluated
on unseen data. Through extensive tests, we show that DiffSDA disentangles real-world data well
while outperforming recent SOTA approaches. Our contributions can be summarized as follows:

1. We introduce DiffSDA, a novel diffusion sequential disentanglement autoencoder model,
based on a new probabilistic bias and implemented using common neural modules.

2. We extend current disentanglement evaluation protocols to include real-world, high-quality
visual data, metrics, and new multifactor exploration and zero-shot tests.

3. We extensively demonstrate our model’s superiority in qualitative and quantitative disen-
tanglement tasks in comparison to existing SOTA models.
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2 RELATED WORK

Disentangled representation learning is a long-standing problem (Bengio et al., [2013). Many
works proposed variational autoencoder models for non-sequential (Higgins et al.,[2017;/Chen et al.,
2018; [Kim & Mnih, [2018)) and sequential (Hsu et al., 2017; |[Yingzhen & Mandt, 2018} Zhu et al.,
2020; Bai et al., 20215 |Han et al., [2021;/Naiman et al.,2023; Berman et al.,|2024; |Simon et al., 2025)
information. However, a significant drawback of VAE-based approaches is their low reconstruction
quality, often resulting in blurry images when applied to real-world data (Kingma et al., 2016; Berg
et al., 2018} Vahdat & Kautz, 2020; Bredell et al., 2023). Another research direction has focused
on GANS for disentanglement with non-sequential (Tran et al., 2017} [Karras et al.,[2020; Ren et al.,
2021) and sequential (Villegas et al., 2017; Tulyakov et al., [2018]) approaches. Unfortunately, GAN-
based techniques are challenging to train and they suffer from learned distributions with insufficient
expressiveness, exhibiting mode collapse issues (Goodfellow, 2016; Lucic et al., 2018)). Currently,
most sequential disentanglement approaches present factorized results on simple real-world datasets
that are far from in-the-wild, with the exception of some preliminary results in SPYL (Naiman et al.,
2023)). Recently, the rise of diffusion models has led to new non-sequential disentanglement ap-
proaches (Kwon et al., [2022; |[Yang et al. 2023; [Wang et al., |2023}; |Yang et al., [2024; |Zhu et al.,
2024; Baumann et al.| 2024)), producing high-resolution images with high-quality disentangled fac-
tors. However, to the best of our knowledge, we are the first to suggest a two-factor (i.e., static and
dynamic) diffusion sequential disentanglement model that is evaluated on a real-world and high-
resolution visual benchmark. Finally, a related body of works in animation (Siarohin et al.| [2019j
Hul 2024} [Xu et al.| [2024)), which leverages video priors for disentangling object and movement,
can be applied to similar swapping tasks as demonstrated in Sec. and Sec. However, our
method is designed for general sequential data, as it also extends to audio Sec[5.5]and also enables
the learning of multifactor disentangled representations, as shown in Sec. 0.3

Diffusion Models (Sohl-Dickstein et al., |2015) and score matching (Hyviarinen & Dayan) 2005
Vincent, 2011) have emerged as strong alternatives to VAEs and GANs (Ho et al., 20205 [Dhariwal
& Nichol, 2021). They excel in generating high-quality images through iterative denoising of latent
variables and are unified in a score-based modeling framework (Song et al.,|2021). However, diffu-
sion models construct non-semantic latent codes, and thus, recent efforts have focused on structuring
their latent representations. For instance, DiffAE (Preechakul et al.|[2022)) design an autoencoder to
manipulate visual features, whereas InfoDiffusion (Wang et al., 2023)) adds loss regularizers. Still,
these approaches are not designed to handle sequences: they do not produce static and dynamic
factors and are computationally demanding due to high-dimensional latents and long sampling. Re-
cent advances in diffusion models have partially addressed their computational representation and
sampling shortcomings. In particular, latent diffusion models (LDM) (Rombach et al.| [2022) de-
sign their denoising process in a small latent space, significantly reducing computational time and
memory requirements. Finally, multiple approaches focused on improving diffusion samplers (Song
et al. 2023 Song & Dhariwall 2024), with EDM (Karras et al., [2022; 2024) standing out as an
efficient and lightweight framework with fast sampling times and high generation quality.

3 BACKGROUND

3.1 DIFFUSION MODELS

Diffusion models (Sohl-Dickstein et al.L[2015) are a family of SOTA generative models, that were re-
cently described using stochastic differential equations (SDEs), diffusion processes, and score-based
modeling (Song et al., 2021). We will use diffusion models and score-based models interchange-
ably. These models include two processes: the forward process and the reverse process. The forward
process (often not learnable) is an iterative procedure that corrupts the data by progressively adding
noise to it. Specifically, the infinitesimal change to the state x; can be formally described by

dx; = F(x;, )t + g(t)dw (1)

where w is the standard Wiener process, (-, t) is a vector-valued function called the drift coefficient,
and g(-) is a scalar function known as the diffusion coefficient. From a probabilistic viewpoint,
Eq. [T)is associated with modeling the transition from the given data distribution, xg ~ po, to ps,
the probability density of x;, t € [0,T]. Typically, the prior distribution pr is a simple Gaussian
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distribution with fixed mean and variance that contains no information of py. The reverse process,
which is learnable, de-noises the data iteratively. The reverse of a diffusion process is also a diffusion
process, depending on the score function V log p;(x) and operating in reverse time (Anderson,
1982). In our approach, we utilize the conditioned reverse process

dx; = [f(xs,t) — g(t)*Vx log pe (x; | w)]dE + g(t)dw, 2)

where W is a standard Wiener process as time progresses backward from T to 0, d# is an infinitesimal
negative timestep, and u is a condition variable. Diffusion models are generative by sampling from
pr and use Vy log p;(x; | u) to iteratively solve Eq. until samples from pq are recovered.

3.2 DIFFUSION AUTOENCODERS

Although diffusion models are powerful generative tools, they are not inherently designed to learn
meaningful representations of the data. To address this limitation, several works (Preechakul et al.,
2022; Wang et al., [2023)) have adapted diffusion models into autoencoders, resulting in diffusion
autoencoders (DiffAEs). These models have demonstrated the ability to learn semantic represen-
tations of the data, allowing certain modifications of the resulting samples by altering their latent
vectors. To this end, DiffAEs introduce a semantic encoder, taking a data sample x( and returning
its semantic latent encoding zs.,. Then, the latter vector conditions the reverse process, enhancing
the model’s ability to reconstruct and manipulate data samples. In practice, the denoiser is also
conditioned on a feature map h and the time ¢, combined using an adaptive group normalization
(AdaGN) layer (Dhariwal & Nichol, 2021). The AdaGN block is defined as

AdaGN(h, t, zem) = 25 (ts GroupNorm(h) + tp) , 3)

where z; is the output of a linear layer applied to 2z, ts and t; are the outputs of a multi-layer
perceptron (MLP) applied to the time ¢, and multiplications are done element-wise.

4 METHOD

In this section and the subsequent ones, the subscripts represent time in the diffusion process, and
superscripts indicate time in the sequence, e.g., a sequence state of the diffusion process is denoted
byx],t € [0,T]and 7 € {1,...,V}. T and V represent the maximum diffusion and sequence
times, respectively. In particular, note that we consider discrete time sequences of continuous time
diffusion processes; however, our modeling can be extended to additional settings.

4.1 PROBABILISTIC MODELING

To improve real-world capabilities of existing sequential disentangling tools, we propose a diffusion-
based sequential disentanglement model, harnessing the recent advances in generative diffusion
modeling. Alas, vanilla diffusion models do not naturally learn semantic latent variables, which was
recently addressed by diffusion autoencoders. In what follows, we extend DiffAE to the sequential
setting, incorporating explicitly the disentangled static and dynamic factors into our modeling. Our
generative disentanglement method is based on two diffusion models. The first model details the
state-independent distribution density of the static (time-invariant) and dynamic (time-variant) fac-
tors, 8o and d}'V, respectively. The second model specifies the state distribution and its dependence
on the disentangled factors. Formally, the joint distribution is given by

14
p(xézva X%“:V7 S0, ST, d(l):Va d%”v) = pTO(SO; d(l):v | ST, d’}'v) H pTO(XE)— ‘ X’}, S0, da) ) (4)

=1

where pro(so,dyY | sr,d%V) is a standard diffusion process with prq(-) being the transition
distribution from time 7" to time 0. The state distribution of pro(x§ | X7, 89, d{) is conditioned on
the latent x7- and the factors sy and dj).

Importantly, our probabilistic approach differs from existing work (Bai et al.| 2021} Naiman et al.,
2023)) in that our static and dynamic factors are dependent on one another. We motivate our model by
three main reasons: i) expressiveness—the overall dependence facilitates learning of different state
trajectories, leading to higher expressivity in the marginals pyo(-); and ii) efficiency—our sampler
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Figure 2: DiffSDA processes sequences X" via semantic and stochastic encoders (top and bottom).
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Their outputs (so, d}", x}V") are fed to a stochastic decoder yielding a denoised X' (right).

is not autoregressive, allowing for fast and parallelized sampling; and iii) causality—our model has
the ability to learn intricate relationships between the static and dynamic factors, if needed.

Given the data sequence x}*V ~ po(x4’V), the posterior distribution of the latent variables x;
and latent factors sq and dj*"" is composed of three independent distributions. Further, unlike the
non-autoregressive prior in Eq.[d here, we explicitly assume temporal dependence. The posterior

distribution reads

1.V

14
p(xY,s0,d5" [ x67) = por (x| x5V )p(so | x5™) [ ] w(d5 | 57, x57) (5)

=1

where x}*V and s are conditioned on the entire data sequence xJ'", and the dynamic factors only
depend on previous dynamic factors and current and previous data elements. To optimize the above
probabilistic model, we employ score matching (Hyvérinen & Dayanl, 2005} [Song et al, [2021),
minimizing for the denoising parametric map Dy. The map Dy takes the noisy latent x7, time ¢, and
disentangled factors z] := (so, d]), and it returns an estimate of the score function Vy log po: (X7 |
x§ ). Overall, the optimization objective reads

6" = argminy Et{/\tEx{, 25, X3 [ | Do (%7 ,t,20) — Vx log pos(x7 | XS)H%} } , (6)

where \; € RT is a positive weight, ¢t ~ U[0, 7] is uniformly sampled over [0, T, the variables
x7, x{ are sampled from their respective distributions, po:(+), po(-), and z{ via the densities in
Eq. Importantly, pro of sg, d§*" is not used in Eq.|6] and thus its optimization can be separated.

4.2 DIFFUSION SEQUENTIAL DISENTANGLEMENT AUTOENCODER

Below, we detail our architectural contributions in extending DiffAE neural networks
let al.| 2022; Wang et al., 2023)), toward achieving unsupervised sequential disentanglement. Our ar-
chitecture, shown in Fig. [2] addresses three limitations of current DiffAEs: 1) it processes sequential
data, 2) it factorizes data into separate static and dynamic components, and 3) it is computationally
efficient. From a high-level viewpoint, our network is similar to DiffAEs in that it is an autoencoder,
consisting a (sequential) semantic encoder, a stochastic encoder, and a stochastic decoder.

Encoders. Inspired by works in sequential disentanglement (Yingzhen & Mandt, 2018}, [Bai et al.}
2021} Naiman et al., [2023), we design a novel sequential semantic encoder to extract s and d3y'".
Particularly, it consists of a U-Net (Ronneberger et al.,[2015) and linear modules that operate on each
sequence frame independently. Then, there is an LSTM module that summarizes the sequence into
a latent representation h'*V. The last hidden, A", is passed to a linear layer to produce s,, whereas
h1:V are processed with another LSTM and a linear layer to produce d}'V . Our stochastic encoder is
EDM (Karras et al., 2022). This encoder adds noise to every frame xJ, by sampling € ~ N(0, 021),
yielding x; = x{, + €. These encoders realize in practice the posterior in Eq. El
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Figure 3: We present dynamic swap results of our approach (third row) and SPYL (fourth row) on
CelebV-HQ (left), VoxCeleb (middle), and TaiChi-HD (right).

Decoder. The stochastic decoder in DiffAEs is DDIM (Song et al. [2020), a computationally-
demanding sampler as it requires thousands of neural function evaluations (NFEs). To facilitate
processing of real-world sequential information, we follow the decoding in EDM
[2022), featuring only 63 NFEs during inference. Our decoder Dy takes as inputs the noisy input
x; and disentangled factors z{) := (sg, df]), and it returns a denoised version of x7, denoted by XJ.
Given any ¢ € [0,T] and 7 € {1,...,V}, the decoder is parameterized independently from other
times ¢, 7’ as follows

x] == Dy(x],t,20) = ¢, "x] + " Fy (c;nxtT, 2], cgmse) , @)

where cikip modulates the skip connection, ¢ and c$“t scale the input and output magnitudes, and

¢ maps noise level at time ¢ into a conditioning input for the neural network Fy, conditioned on
zg through AdaGN.

Loss. While prior sequential disentanglement works depend on intricate prior modeling, regular-
ization terms, and mutual information losses, leading to many hyper-parameters and challenging
training, we opt for a simpler objective containing a single loss term that is based on Eq_[6]

Bug agoxg | MLy (e, 25, %) — (5 — 6 xR ®)

t
While our loss in Eq. [§] does not include auxiliary terms, it promotes disentanglement due to two
main reasons: i) the static factor s is shared across 7, and thus it will not hold dynamic information,
and ii) the dynamic factors dj € R* are low-dimensional (i.e., k is small), making it difficult for
dj to store static features. Finally, we briefly mention that to support high-resolution sequences,
we incorporate latent diffusion models (LDM) (Rombach et al) [2022), using a pre-trained VQ-
VAE autoencoder to reduce the high-dimensionality of input frames. Instead of factorizing all the
equations above with new symbols for the features VQ-VAE produces, we denote by x}:V the input
sequence, and we abuse the notation x(l):v to denote the latent features, i.e., x(l)’v =& (x(l):v) and
x5V = D(x{Y), where € and D are the VQ-VAE encoder and decoder, respectively.

Reconstruction and generation require computing the reverse process, where we modified the
reverse sampler (Karras et all2022) to depend on x7. and also on z[, see Alg. El For reconstruction,
we extract z}'V from the given x{'" using the sequential semantic encoder described above, and
we sample x%V either from x%‘p ~ pr = N(0,0rI) or by using Alg. [2[ which is similar to
x5V~ por(xEY | x§Y), to improve reconstruction quality. For generation, we extract z}'V by
reversing a separate DDIM model (App. for pro(so, dy’V | s7,d%V) starting from zxY =

(s7,d%V) ~ N(0,1), and we sample x%" ~ pp = N(0, o7 I).

5 RESULTS

In this section, we empirically evaluate the modeling capabilities of DiffSDA in comparison to recent
state-of-the-art methods, SPYL (Naiman et al.,[2023)) and DBSE (Berman et al,[2024). We consider
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Table 1: Preservation of objects (AED) and motions (AKD) is estimated across several datasets and
methods. The labels ‘static frozen’ and ‘dynamics frozen® correspond to samples z* and z<.

AED| (static frozen) AKD/ (dynamics frozen)
SPYL DBSE Ours | SPYL DBSE Ours

MUG (64 x 64) 0.766 0.773 0.751 | 1.132 1.118 0.802
VoxCeleb (256 x 256) 1.058 1.026 0.846 | 4.705 10.96 2.793
CelebV-HQ (256 x 256) | 0.631 0.751 0.540 | 39.16 28.69 6.932
TaiChi-HD (64 x 64) 0.443 0.325 0.326 | 7.681 6.312 2.143

both quantitative and qualitative experiments conducted on three high-resolution, real-world visual
datasets that have not been previously used for sequential disentanglement representation learning:
VoxCeleb (Nagrani et al., [2017), CelebV-HQ (Zhu et al.l 2022), and TaiChi-HD (Siarohin et al.,
2019), along with the MUG dataset (Aifanti et al., 2010). Detailed descriptions of the datasets and
their pre-processing can be found in App.|C| For brevity, we omit below the subscript indicating the
diffusion step for clean samples (corresponding to time step 0).

5.1 CONDITIONAL SWAPPING

We begin our evaluation with the classic conditional swapping task (Yingzhen & Mandt, 2018}
Bai et al, 2021). Given two sample videos x, X ~ pg, the goal in this experiment is to create
a new sample X, conditioned on the static factor of x and dynamic features of X. This is done

by extracting the latent factors z = (s,d"") and 2 = (8,d"") for x and X, respectively. The

new sample X is defined to be the reconstruction of z = (s, dALV) through Alg. |1} see Sec. |4} In
an ideal swap, X preserves the static characteristics of x while presenting the dynamics of X, thus
demonstrating strong disentanglement capabilities of the swapping method. We show in Fig.|I|(left)
a swap example of DiffSDA, where the top two rows are real videos, and the third row shows the
new sample obtained by preserving the static features of the first row and using the dynamics of the
second row. Remarkably, while the people in these sequences are very different, many fine details
are transferred, including head angle and orientation, as well as mouth and eyes orientation and
openness. In Fig.[3| we present additional swap results on CelebV-HQ (left), VoxCeleb (middle), and
TaiChi-HD (right), comparing DiffSDA (third row) to SPYL (fourth row). Notably, our approach
produces high-quality samples, while swapping the dynamics of the second row into the first row,
whereas SPYL struggles both with the reconstruction and swap.

In addition to the above qualitative evaluation, we also want to quantitatively assess the effective-
ness of DiffSDA. We report in App. [E]results from the traditional quantitative benchmark, where a
pre-trained judge (classifier) is used to determine if swapped content is correct (Bai et al.| [2021).
However, there are two main issues with the benchmark: i) it depends on labeled data, making it
relevant to only a small number of datasets; and ii) results are sensitive to the expressivity and gen-
eralizability of the judge. For instance, swapping a smiling expression from person A to person B,
may result in person B having a smile, different from the one in the data. In these cases, the judge
may wrongly classify a different expression to the smiling person B, see App.

Towards addressing these issues, we propose new unsupervised swapping metrics to quantitatively
measure the model’s disentanglement abilities. We adopt estimators commonly used in animation
for assessing whether objects and motions are preserved (Siarohin et al.| [2019). Specifically, we
utilize the average Euclidean distance (AED) that is based on the distances between the latent
representations of images. Further, we also employ the average keypoint distance (AKD) which

Table 2: Reconstruction errors are measured in terms of AED, AKD, and MSE across several
datasets and models. We find DiffSDA to be orders-of-magnitude better than other methods.

AED/ AKDJ MSE|
SPYL DBSE Ours | SPYL DBSE Ours | SPYL DBSE  Ours
MUG (64 x 64) 0.491 0.486 0.113 | 0.465 0.479 0.062 | 0.001 0.001 3.0e—7

VoxCeleb (256 x 256) 0.987 1.027 0.374 | 2.267 2.428 1.092 | 0.005 0.003 4.6e—4
CelebV-HQ (256 x 256) | 0.701  0.777 0.292 | 15.00 13.78 1.256 | 0.012 0.006 5.9e—4
TaiChi-HD (64 x 64) 0.319 0.294 0.001 | 4.311 3.833 0.099 | 0.018 0.007 2.0e—7
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Figure 4: Zero-shot swap results, training on VoxCeleb and tested on CelebV-HQ or MUG.

computes the distances between selected keypoints in images. Intuitively, AED and AKD have been
designed to identify the preservation of objects and motions in images, respectively. See App.
for comprehensive definitions. Equipped with these new metrics, we perform conditional swapping
over a pre-defined random list of sample pairs, x, x. Particularly, we reconstruct new samples of the
form z* := (s,d"") and 2% := (8,d""), encoding dynamic and static swaps, respectively. We
compute the AED of z° with respect to z (arising from x), expecting their static features to be sim-
ilar. Following the same logic, we compute the AKD of x? (reconstructed from z?) and x, as they
share the dynamic factors. Our findings are presented in Tab. [I] where DiffSDA outperforms SOTA
previous (SPYL, DBSE) approaches across all datasets, except for AED on TaiChi-HD, where we
attain the second best error. Notably, our AKD errors are significantly lower than SPYL and DBSE.
Further, we apply these metrics to assess reconstruction performance, as well as the mean squared
error (MSE), with the results shown in Tab.m Again, DiffSDA is superior to current SOTA methods.

5.2 ZERO-SHOT DISENTANGLEMENT

In the previous sub-section, the conditional swap was performed on the held-out test set of each
dataset on which we trained on. In contrast to previous work, for the first time, we perform the same
task on a dataset unseen during training. We show an example in Fig. [T| (middle) of zero-shot swap,
where our model was trained on the VoxCeleb dataset (1st row) and the inferred sequence was taken
from MUG (2nd row). Particularly, we froze the static features of the MUG sample and swapped
the dynamic factors with those of VoxCeleb (3rd row). Remarkably, in addition to changing the
facial expression of the person, DiffSDA also adds the necessary details to mimic the body pose.
We emphasize that the MUG dataset does not include sequences similar to the third row in Fig. [T}
but rather zoomed-in facial videos as shown in the second row, thus, our zero-shot results present
a significant adaptation to the new data. Additionally, we include in Fig. [ zero-shot examples
where DiffSDA is trained on VoxCeleb and evaluated on CelebV-HQ or MUG. These results further
highlight the effectivity of our approach in transferring dynamic features across different datasets.
Finally, we provide more zero-shot examples in App.[F.4]

5.3 TOWARD MULTIFACTOR DISENTANGLEMENT

Multifactor sequential disentanglement is a challenging problem, where the objective is to produce
several static factors and several dynamic factors per frame (Berman et all, [2023). Here, we show
that our model has the potential to further disentangle the static and dynamic features into addi-
tional factors of variation. Inspired by DiffAE (Preechakul et al), 2022), we propose to explore
the learned latent space in an unsupervised linear fashion, particularly, using principal component
analysis (PCA). For instance, to obtain fine-grained semantic static factors of variation, we sample
a large batch of static vectors §; € R", with h the static latent size, j = 1,...,b = 2!, Then, we
compute PCA on the matrix formed by arranging {3, } in its columns, yielding the principal com-
ponents {v;}"_,, given that b > h. We can utilize the latter pool of static variability by exploring
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Figure 5: Traversing the latent space of DiffSDA via PCA reveals multiple dynamic variations on
CelebV-HQ, including surprised and serious expressions, and different head orientations.

the latent space from a static code s of a real example x in the test set, i.e.,

s:<s_M§+avi'\/ﬁ>'ag+u§, ©)

O3

where 115 and o3 are the mean and variance of the sampled static features, {8;}5_,,and o € [, 1],

notice that & = 0 recovers the original sequence. The new sample X is obtained by reconstructing
the new static features 5 with the original dynamic factors d**V of x.

We demonstrate a static PCA exploration in Fig. [T] (right) on VoxCeleb. The middle row is the real
video, whereas the top and bottom rows use positive and negative « values, respectively. Our results
show that traversing in the positive direction yields more masculine appearances, and in contrast, go-
ing in the negative direction produces more feminine characters. Importantly, we highlight that other
static features and the dynamics are fully preserved across the sequence. We plot additional samples
in Fig.[5|on CelebV-HQ, where the PCA directions alter facial expressions and head orientation. In
App. % we present further results on full sequences using multiple o values to demonstrate the
gradual transition in the latent space. Notably, we find in our exploration principal components that
control other features such as skin tone, image blurriness, and more.

5.4 UNCONDITIONAL GENERATION AND SWAPPING

In addition to the conditional and zero-shot shot tasks considered above, we can also perform such
tasks in an unconditional manner. Specifically, given a real sequence x**V with its factors (s, d*'V"),
we can unconditionally sample new (8, til:V) using our separate DDIM model (see Sec. EI) We
then reconstruct the static swap (8, d") and the dynamic swap (s,d"") similarly as described
above. In Fig.[6] we present unconditional swap results on CelebV-HQ (left), VoxCeleb (middle),
and TaiChi-HD (right). The middle rows represent the original sequences, whereas the top and bot-
tom rows demonstrate dynamic and static swaps, respectively. Across all datasets and swap settings,
our approach succeeds in modifying the swapped features while preserving the frozen factors, either
in the static or in the dynamic examples. We show additional examples in App.[F3]

T Es
ENESANES

Figure 6: Unconditional dynamic (top) and static (bottom) swap results on CelebV-HQ (left), Vox-
Celeb (middle), and TaiChi-HD (right).

- -»dynamic
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Table 3: Disentanglement metrics on TIMIT.

Method static EER|  dynamic EER 1 Disentanglement Gap 1

FHVAE 5.06% 22.77% 17.71%
DSVAE 5.64% 19.20% 13.56%
R-WAE 4.73% 23.41% 18.68%
S3VAE 5.02% 25.51% 20.49%
SKD 4.46% 26.78% 22.32%
C-DSVAE 4.03% 31.81% 27.78%
SPYL 3.41% 33.22% 29.81%
DBSE 3.50% 34.62% 31.11%
Ours 4.43% 46.72% 42.29%

5.5 AUDIO MODALITY

Our method is inherently modality-agnostic and not constrained to the video domain. Unlike video-
focused methods, which often require substantial adjustments when applied to new modalities, our
approach can adapt to various modalities with only minor modifications to the backbone architecture.
For instance, to support audio, we replace the U-Net with a simple MLP. This flexibility aligns with
prior sequential disentanglement methods such as SPYL (Naiman et al 2023) and DBSE
[2024). In Tab. 3] we demonstrate the adaptability of our model by successfully disentangling
audio data on the TIMIT dataset, a widely used benchmark in speech-related tasks. Following the
speaker identification benchmarks established by |[Yingzhen & Mandt| (2018)) and |Zhu et al.{(2020),
we evaluate disentanglement quality using the Equal Error Rate (EER), a standard metric in speech
tasks. Notably, our model improves the disentanglement gap by over 11%, achieving 42.29% dy-
namic EER compared to 31.11% by DBSE, thereby outperforming current state-of-the-art methods.
This result underscores the effectiveness of our approach in handling the audio modality. Additional
details about the dataset, metrics, and implementation are provided in the appendix.

6 CONCLUSIONS

The analysis and results of this study underscore the potential of the proposed DiffSDA model to
address key limitations in sequential disentanglement, specifically in the context of complex real-
world visual data and speech audio. By leveraging a novel probabilistic framework, diffusion au-
toencoders, efficient samplers, and latent diffusion models, DiffSDA provides a robust solution for
disentangling both static and dynamic factors in sequences, outperforming existing state-of-the-art
methods. Moreover, the introduction of a new real-world visual evaluation protocol marks a signif-
icant step towards standardizing the assessment of sequential disentanglement models. Neverthe-
less, while DiffSDA shows promise in handling high-resolution videos and varied datasets, future
research should focus on optimizing its computational efficiency and extending its applicability to
more diverse sequence modalities, such as sensor data, and general time series. Each of these modal-
ities presents unique challenges, such as varying temporal characteristics and distinct data patterns,
which may require adapting the model architecture and training strategies. Additionally, our sug-
gested benchmark is designed for visual or speech information. Consequently, extending our work
to additional modalities also requires designing new benchmarks to account for, e.g., trend predic-
tion or temporal coherence. Finally, while the benchmark presents significant progress in handling
real-world data in a sequential disentanglement context, it primarily consists of structured data, such
as single objects or single views. Modeling and evaluating unstructured data, such as multiple ob-
jects within a video or multiple viewpoints (Jabri et al.| 2024} [Wu et all [2024), remains an open
challenge in the context of sequential disentanglement. This raises an important and compelling
direction for future research.

10



Under review as a conference paper at ICLR 2025

REFERENCES

Niki Aifanti, Christos Papachristou, and Anastasios Delopoulos. The MUG facial expression
database. In 11th International Workshop on Image Analysis for Multimedia Interactive Services
WIAMIS 10, pp. 1-4, 2010.

Samuel Albanie, Arsha Nagrani, Andrea Vedaldi, and Andrew Zisserman. Emotion recognition in
speech using cross-modal transfer in the wild. In Proceedings of the 26th ACM international
conference on Multimedia, pp. 292-301, 2018.

Brian DO Anderson. Reverse-time diffusion equation models. Stochastic Processes and their Ap-
plications, 12(3):313-326, 1982.

Junwen Bai, Weiran Wang, and Carla P Gomes. Contrastively disentangled sequential variational
autoencoder. Advances in Neural Information Processing Systems, 34:10105-10118, 2021.

Stefan Andreas Baumann, Felix Krause, Michael Neumayr, Nick Stracke, Vincent Tao Hu, and
Bjorn Ommer. Continuous, subject-specific attribute control in T2I models by identifying seman-
tic directions. arXiv preprint arXiv:2403.17064, 2024.

Yoshua Bengio, Aaron C Courville, and Pascal Vincent. Unsupervised feature learning and deep
learning: A review and new perspectives. CoRR, abs/1206.5538, 1(2665):2012, 2012.

Yoshua Bengio, Aaron Courville, and Pascal Vincent. Representation learning: A review and new
perspectives. IEEE transactions on pattern analysis and machine intelligence, 35(8):1798-1828,
2013.

Rianne van den Berg, Leonard Hasenclever, Jakub M Tomczak, and Max Welling. Sylvester nor-
malizing flows for variational inference. arXiv preprint arXiv:1803.05649, 2018.

Nimrod Berman, Ilan Naiman, and Omri Azencot. Multifactor sequential disentanglement via struc-
tured Koopman autoencoders. In The Eleventh International Conference on Learning Represen-
tations, 2023.

Nimrod Berman, Ilan Naiman, Idan Arbiv, Gal Fadlon, and Omri Azencot. Sequential disentangle-
ment by extracting static information from a single sequence element. In Forty-first International
Conference on Machine Learning, 2024.

Gustav Bredell, Kyriakos Flouris, Krishna Chaitanya, Ertunc Erdil, and Ender Konukoglu. Ex-
plicitly minimizing the blur error of variational autoencoders. arXiv preprint arXiv:2304.05939,
2023.

Adrian Bulat and Georgios Tzimiropoulos. How far are we from solving the 2d & 3d face align-
ment problem? (and a dataset of 230,000 3d facial landmarks). In Proceedings of the IEEE
International Conference on Computer Vision (ICCV), Oct 2017.

Zhe Cao, Tomas Simon, Shih-En Wei, and Yaser Sheikh. Realtime multi-person 2d pose estimation
using part affinity fields. In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), July 2017.

Ricky TQ Chen, Xuechen Li, Roger B Grosse, and David K Duvenaud. Isolating sources of disen-
tanglement in variational autoencoders. Advances in neural information processing systems, 31,
2018.

Elliot Creager, David Madras, Jorn-Henrik Jacobsen, Marissa Weis, Kevin Swersky, Toniann Pitassi,
and Richard Zemel. Flexibly fair representation learning by disentanglement. In International
conference on machine learning, pp. 1436-1445. PMLR, 2019.

Prafulla Dhariwal and Alexander Nichol. Diffusion models beat GANs on image synthesis. Ad-
vances in neural information processing systems, 34:8780-8794, 2021.

Alexey Dosovitskiy and Thomas Brox. Generating images with perceptual similarity metrics based
on deep networks. In D. Lee, M. Sugiyama, U. Luxburg, I. Guyon, and R. Garnett (eds.), Ad-
vances in Neural Information Processing Systems, volume 29, 2016.

11



Under review as a conference paper at ICLR 2025

Patrick Esser, Robin Rombach, and Bjorn Ommer. Taming transformers for high-resolution image
synthesis. In Proceedings of the IEEE/CVF conference on computer vision and pattern recogni-
tion, pp. 12873-12883, 2021.

John S Garofolo. TIMIT acoustic phonetic continuous speech corpus. Linguistic Data Consortium,
1993, 1993.

Ian Goodfellow.  Nips 2016 tutorial: Generative adversarial networks.  arXiv preprint
arXiv:1701.00160, 2016.

Ian Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair,
Aaron Courville, and Yoshua Bengio. Generative adversarial nets. Advances in neural information
processing systems, 27, 2014.

Jun Han, Martin Renqiang Min, Ligong Han, Li Erran Li, and Xuan Zhang. Disentangled recurrent
wasserstein autoencoder. In 9th International Conference on Learning Representations, ICLR,
2021.

Alexander Hermans, Lucas Beyer, and Bastian Leibe. In defense of the triplet loss for person re-
identification. arXiv preprint arXiv:1703.07737, 2017.

Irina Higgins, Loic Matthey, Arka Pal, Christopher P Burgess, Xavier Glorot, Matthew M Botvinick,
Shakir Mohamed, and Alexander Lerchner. beta-VAE: Learning basic visual concepts with a
constrained variational framework. ICLR (Poster), 3, 2017.

Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models. Advances in
neural information processing systems, 33:6840-6851, 2020.

Wei-Ning Hsu, Yu Zhang, and James Glass. Unsupervised learning of disentangled and interpretable
representations from sequential data. Advances in neural information processing systems, 30,
2017.

Li Hu. Animate anyone: Consistent and controllable image-to-video synthesis for character anima-
tion. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,
pp- 8153-8163, 2024.

Aapo Hyvirinen and Peter Dayan. Estimation of non-normalized statistical models by score match-
ing. Journal of Machine Learning Research, 6(4), 2005.

Phillip Isola, Jun-Yan Zhu, Tinghui Zhou, and Alexei A Efros. Image-to-image translation with
conditional adversarial networks. In Proceedings of the IEEE conference on computer vision and
pattern recognition, pp. 1125-1134, 2017.

Allan Jabri, Sjoerd van Steenkiste, Emiel Hoogeboom, Mehdi S. M. Sajjadi, and Thomas Kipf.
DORSal: Diffusion for object-centric representations of scenes et al. In The Twelfth International
Conference on Learning Representations, ICLR, 2024.

Tero Karras, Samuli Laine, Miika Aittala, Janne Hellsten, Jaakko Lehtinen, and Timo Aila. Analyz-
ing and improving the image quality of styleGAN. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pp. 8110-8119, 2020.

Tero Karras, Miika Aittala, Timo Aila, and Samuli Laine. Elucidating the design space of diffusion-
based generative models. Advances in neural information processing systems, 35:26565-26577,
2022.

Tero Karras, Miika Aittala, Jaakko Lehtinen, Janne Hellsten, Timo Aila, and Samuli Laine. Analyz-
ing and improving the training dynamics of diffusion models. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pp. 24174-24184, 2024.

Hyunjik Kim and Andriy Mnih. Disentangling by factorising. In International conference on ma-
chine learning, pp. 2649-2658. PMLR, 2018.

Diederik P Kingma. Auto-encoding variational bayes. arXiv preprint arXiv:1312.6114, 2013.

12



Under review as a conference paper at ICLR 2025

Durk P Kingma, Tim Salimans, Rafal Jozefowicz, Xi Chen, Ilya Sutskever, and Max Welling. Im-
proved variational inference with inverse autoregressive flow. Advances in neural information
processing systems, 29, 2016.

Mingi Kwon, Jaeseok Jeong, and Youngjung Uh. Diffusion models already have a semantic latent
space. arXiv preprint arXiv:2210.10960, 2022.

Wengian Liu, Runze Li, Meng Zheng, Srikrishna Karanam, Ziyan Wu, Bir Bhanu, Richard J Radke,
and Octavia I Camps. Towards visually explaining variational autoencoders. in 2020 ieee. In CVF
Conference on Computer Vision and Pattern Recognition, CVPR, pp. 13-19, 2020.

Mario Lucic, Karol Kurach, Marcin Michalski, Sylvain Gelly, and Olivier Bousquet. Are GANs
created equal? A large-scale study. Advances in neural information processing systems, 31, 2018.

Arsha Nagrani, Joon Son Chung, and Andrew Zisserman. VoxCeleb: A large-scale speaker identifi-
cation dataset. In /8th Annual Conference of the International Speech Communication Associa-
tion, Interspeech, pp. 2616-2620. ISCA, 2017.

Ilan Naiman, Nimrod Berman, and Omri Azencot. Sample and predict your latent: Modality-free
sequential disentanglement via contrastive estimation. In International Conference on Machine
Learning, pp. 25694-25717. PMLR, 2023.

Konpat Preechakul, Nattanat Chatthee, Suttisak Wizadwongsa, and Supasorn Suwajanakorn. Dif-
fusion autoencoders: Toward a meaningful and decodable representation. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pp. 10619-10629, 2022.

Ali Razavi, Aaron Van den Oord, and Oriol Vinyals. Generating diverse high-fidelity images with
VQ-VAE-2. Advances in neural information processing systems, 32, 2019.

Xuanchi Ren, Tao Yang, Yuwang Wang, and Wenjun Zeng. Learning disentangled representa-
tion by exploiting pretrained generative models: A contrastive learning view. arXiv preprint
arXiv:2102.10543, 2021.

Danilo Jimenez Rezende, Shakir Mohamed, and Daan Wierstra. Stochastic backpropagation and ap-
proximate inference in deep generative models. In International conference on machine learning,
pp. 1278-1286. PMLR, 2014.

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Bjorn Ommer. High-
resolution image synthesis with latent diffusion models. In Proceedings of the IEEE/CVF confer-
ence on computer vision and pattern recognition, pp. 10684—10695, 2022.

Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-net: Convolutional networks for biomed-
ical image segmentation. In Medical image computing and computer-assisted intervention—
MICCAI 2015: 18th international conference, Munich, Germany, October 5-9, 2015, proceed-
ings, part 11l 18, pp. 234-241. Springer, 2015.

Sefik Ilkin Serengil and Alper Ozpinar. Lightface: A hybrid deep face recognition framework. In
2020 Iovations in Intelligent Systems and Applications Conference (ASYU), pp. 23-27. IEEE,
2020.

Aliaksandr Siarohin, Stéphane Lathuiliere, Sergey Tulyakov, Elisa Ricci, and Nicu Sebe. First order
motion model for image animation. In Conference on Neural Information Processing Systems
(NeurIPS), December 2019.

Mathieu Cyrille Simon, Pascal Frossard, and Christophe De Vleeschouwer. Sequential representa-
tion learning via static-dynamic conditional disentanglement. In European Conference on Com-
puter Vision, pp. 110-126. Springer, 2025.

Jascha Sohl-Dickstein, Eric Weiss, Niru Maheswaranathan, and Surya Ganguli. Deep unsupervised
learning using nonequilibrium thermodynamics. In International conference on machine learn-
ing, pp. 2256-2265. PMLR, 2015.

Jiaming Song, Chenlin Meng, and Stefano Ermon. Denoising diffusion implicit models. arXiv
preprint arXiv:2010.02502, 2020.

13



Under review as a conference paper at ICLR 2025

Yang Song and Prafulla Dhariwal. Improved techniques for training consistency models. In The
Twelfth International Conference on Learning Representations, ICLR, 2024.

Yang Song, Jascha Sohl-Dickstein, Diederik P Kingma, Abhishek Kumar, Stefano Ermon, and Ben
Poole. Score-based generative modeling through stochastic differential equations. In Interna-
tional Conference on Learning Representations, 2021.

Yang Song, Prafulla Dhariwal, Mark Chen, and Ilya Sutskever. Consistency models. In International
Conference on Machine Learning, ICML, volume 202 of Proceedings of Machine Learning Re-
search, pp. 32211-32252. PMLR, 2023.

Luan Tran, Xi Yin, and Xiaoming Liu. Disentangled representation learning GAN for pose-invariant
face recognition. In Proceedings of the IEEE conference on computer vision and pattern recog-
nition, pp. 1415-1424, 2017.

Sergey Tulyakov, Ming-Yu Liu, Xiaodong Yang, and Jan Kautz. MoCoGAN: Decomposing motion
and content for video generation. In Proceedings of the IEEE conference on computer vision and
pattern recognition, pp. 1526-1535, 2018.

Arash Vahdat and Jan Kautz. NVAE: A deep hierarchical variational autoencoder. Advances in
neural information processing systems, 33:19667-19679, 2020.

Aaron Van Den Oord, Oriol Vinyals, et al. Neural discrete representation learning. Advances in
neural information processing systems, 30, 2017.

Ruben Villegas, Jimei Yang, Seunghoon Hong, Xunyu Lin, and Honglak Lee. Decomposing motion
and content for natural video sequence prediction. arXiv preprint arXiv:1706.08033, 2017.

Pascal Vincent. A connection between score matching and denoising autoencoders. Neural compu-
tation, 23(7):1661-1674, 2011.

Jun Wang, Yinglu Liu, Yibo Hu, Hailin Shi, and Tao Mei. Facex-zoo: A pytorch toolbox for face
recognition. In Proceedings of the 29th ACM international conference on Multimedia, pp. 3779—
3782, 2021.

Yingheng Wang, Yair Schiff, Aaron Gokaslan, Weishen Pan, Fei Wang, Christopher De Sa, and
Volodymyr Kuleshov. InfoDiffusion: Representation learning using information maximizing dif-
fusion models. In International Conference on Machine Learning, pp. 36336-36354. PMLR,
2023.

Ziyi Wu, Yulia Rubanova, Rishabh Kabra, Drew A Hudson, Igor Gilitschenski, Yusuf Aytar, Sjoerd
van Steenkiste, Kelsey R Allen, and Thomas Kipf. Neural assets: 3d-aware multi-object scene
synthesis with image diffusion models. arXiv preprint arXiv:2406.09292, 2024.

Zhongcong Xu, Jianfeng Zhang, Jun Hao Liew, Hanshu Yan, Jia-Wei Liu, Chenxu Zhang, Jiashi
Feng, and Mike Zheng Shou. Magicanimate: Temporally consistent human image animation
using diffusion model. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp. 1481-1490, 2024.

Tao Yang, Yuwang Wang, Yan Lu, and Nanning Zheng. DisDiff: Unsupervised disentanglement of
diffusion probabilistic models. In Thirty-seventh Conference on Neural Information Processing
Systems, 2023.

Tao Yang, Cuiling Lan, Yan Lu, et al. Diffusion model with cross attention as an inductive bias for
disentanglement. arXiv preprint arXiv:2402.09712, 2024.

Li Yingzhen and Stephan Mandt. Disentangled sequential autoencoder. In Jeifer Dy and Andreas
Krause (eds.), Proceedings of the 35th International Conference on Machine Learning, volume 80
of Proceedings of Machine Learning Research, pp. 5670-5679. PMLR, 10-15 Jul 2018.

Hanlin Zhang, Yi-Fan Zhang, Weiyang Liu, Adrian Weller, Bernhard Scholkopf, and Eric P Xing.
Towards principled disentanglement for domain generalization. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition, pp. 8024-8034, 2022.

14



Under review as a conference paper at ICLR 2025

Richard Zhang, Phillip Isola, Alexei A Efros, Eli Shechtman, and Oliver Wang. The unreasonable
effectiveness of deep features as a perceptual metric. In Proceedings of the IEEE conference on
computer vision and pattern recognition, pp. 586-595, 2018.

Hao Zhu, Wayne Wu, Wentao Zhu, Liming Jiang, Siwei Tang, Li Zhang, Ziwei Liu, and
Chen Change Loy. CelebV-HQ: A large-scale video facial attributes dataset. In ECCV, 2022.

Ye Zhu, Yu Wu, Zhiwei Deng, Olga Russakovsky, and Yan Yan. Boundary guided learning-free
semantic control with diffusion models. Advances in Neural Information Processing Systems, 36,
2024.

Yizhe Zhu, Martin Rengiang Min, Asim Kadav, and Hans Peter Graf. S3VAE: self-supervised
sequential VAE for representation disentanglement and data generation. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 6538—6547, 2020.

15



Under review as a conference paper at ICLR 2025

A DIFFSDA MODELING

A.1 UNSUPERVISED SEQUENTIAL DISENTANGLEMENT

Unsupervised sequential disentanglement is a challenging problem in representation learning, aim-
ing to decompose a given dataset to its static (time-independent) and dynamic (time-dependent)
factors of variation. Let D = {lev}j\’:l be a dataset with N sequences X}:V = {x}., o ,x}/},
where x7 € R?. We omit the subscript j for brevity, unless noted otherwise. The goal of sequential
disentanglement is to extract an alternative representation of x*V via a single static factor s and

multiple dynamic factors d*V'. Note that s is shared across the sequence.

We can formalize the sequential disentanglement problem as a generative task, where every se-
quence x"*V from the data space X is conditioned on some z'"" from a latent space Z. We aim to
maximize the probability of each sequence under the entire generative process

p(xV) = /me | 2V )p(2") d2tY (19)

where z'V := (s, dl’v). One of the main challenges with directly maximizing Eq. (T0) is that the
latent space Z is too large to practically integrate over. Instead, a separate distribution, denoted here
as q(zV | x%V), is used to narrow search to be only over z'*V" associated with sequences from the
dataset D. Importantly, the distributions p(x*"" | z") and ¢(z*" | x*V') take the form of a decoder
and an encoder in practice, suggesting the development of autoencoder sequential disentanglement
models (Yingzhen & Mandt, 2018). The above p(x*V | z'V) and ¢(z"V | x:V) are denoted by
pro(X§ | X7, 50,d) and p(x . so,dy’" | x5Y), respectively, in Eq.[t|and Eq.[5}

A.2 HIGH-RESOLUTION DISENTANGLED SEQUENTIAL DIFFUSION AUTOENCODER

In addition to transitioning to real-world data, our goal is to manage high-resolution data for un-
supervised sequential disentanglement, for the first time. Drawing inspiration from
(2022), we incorporate perceptual image compression, which combines an autoencoder with a per-
ceptual loss (Zhang et al.,[2018)) and a patch-based adversarial objective (Dosovitskiy & Brox} 2016}
[Esser et al.} 2021} [Tsola et al., 2017). Specifically, we explore two main variants of the autoencoder.
The first variant applies a small Kullback—Leibler penalty to encourage the learned latent space
to approximate a standard normal distribution, similar to a VAE (Kingma, 2013}, [Rezende et al.}

. The second variant integrates a vector quantization layer (Van Den Oord et al.,2017; Razavi|
etall within the decoder. Empirically, we find that the VQ-VAE-based model performs better
when combined with our method. Given a pre-trained encoder £ and decoder D, we can extract
x§ = £(x7), which represents a low-dimensional latent space where high-frequency, imperceptible
details are abstracted away. Finally, x{ can be reconstructed from the latent xj by applying the
decoder x{; = D(x{}). The EDM formulation in Eq.makes relatively strong assumptions about the
mean and standard deviation of the training data. To meet these assumptions, we opt to normalize
the training data globally rather than adjusting the value of og,,, Which could significantly affect
other hyperparameters (Karras et al.} [2024). Therefore, we keep oga, at its default value of 0.5 and
ensure that the latents have a zero mean during dataset preprocessing. When generating sequence
elements, we reverse this normalization before applying D.

A.3 PRIOR MODELING

We model the prior static and dynamic distribution with pro(so,dg" | sr,d%"). To sample
static and dynamic factors, we train a separate latent DDIM model 2020). Then, we
can extract the factors by sampling noise, and reversing the trained model. Specifically, we learn
pai(ziY] | z8Y) where zg = (so,dy’") are the outputs of our sequential semantic encoder. The
training is done by simply optimizing the Liaene With respect to DDIM’s output €4(-):

T
£1atent = ZEZIIV,Q [Hg(b(zitv’t) - st”] (11)

t=1
where e, € R*VT ~ N(0, I), V is the sequence length, s, d are the static and dynamic factors
dimensions respectively. Additionally, z}*" is the noise version of z; as described in Song et al.
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Algorithm 1 Conditioned Stochastic Sampler with o(t) = ¢ and s(¢t) = 1.

1: procedure CONDITIONEDSTOCHASTICSAMPLER(Dy, ticqo,...,N}» Vic{0,...,.N—1}> %0’ v Snmse)
2 if x5*V # None then

3 V'« Algorithm 2 output

4: else

> S.ample X}\}V - N(O’ t%\] I) {min(SCJ}{’mv ﬁ—1> if tle[SImimSlmaX]
6: fori e {N,...,1} do >y = ;

7 sample €; ~ NV (0, 57 T) 0 otherwise

8 ti < ti +vits > Select temporarily increased noise level ¢;
9: X7 — xT+/i2 -t e > Add new noise to move from ¢; to ¢;
10: d; < (x] — Do(x],zd;1:)) /b > Evaluate dx/dt at ¢;
11: X1 < X[ + (ti1 — t:)d; > Take Euler step from ¢; to t;_1
12: if ti—1 75 0 then
13: d' — (x]_ Dg( 1 Zhitic1))/tia > Apply 2™ order correction
14: Xj_q — X + i (% % )
15: return xg

Algorithm 2 Stochastic Encoding with o(t) = ¢ and s(t) = 1.

1: procedure STOCHASTICENCODER(Dg7 ticfo,...N}> Vic{0,....N—1}> x5V, zdV)

2 for i € {0,. —1} do

3 d; + (x — Dg (X7, 283 t:)) /ti > Evaluate dx” /dt at ¢;
4: Xi11 < X; + (tig1 — ti)ds > Take Euler step from ¢; to ;41
5: if ti+1 # O max then

6: d! (fo — Do (x]. ,H, Z0; 1+1))/t2+1 > Apply 2™ order correction
7 X;—+1<—XZ—+(ti+1 )( d; +1d)

8 return x5

(2020). For designing the architecture of our latent model, we follow Preechakul et al.|(2022) and it
is based on 10 MLP layers. Our network architecture and hyperparamters are provided in Tab. [5]

A.4 REVERSE PROCESSES

The detailed reverse sampling algorithm is provided in Alg. We follow Karras et al.| (2022)
sampling techniques, however, each step in our reverse process is conditioned on the latent static and
dynamic factors extracted by our sequential semantic encoder. As in [Preechakul et al.| (2022), we
observe that auto-encoding is improved significantly when using the stochastic encoding technique.
Since we have a different reverse process, we provide the algorithm for stochastic encoding for our
modeling in Alg. 2} Finally, when performing conditional swapping, we observe that performing
stochastic encoding on the sample from which we borrow the dynamics and using it as an input to
Alg. (1] improves the results empirically. That is, given two sample videos x, X ~ pg, to create a
new sample X, conditioned on the static factor of x and dynamic features of X, we use the stochastic
encoding of X in Alg.

B HYPER-PARAMETERS

The hyperparameters used in our autoencoder are listed in Tab. ] detailing the configurations for
each dataset: MUG, TaiChi-HD, VoxCeleb, CelebV-HQ and TIMIT. We provide the values of es-
sential parameters such as sequence lengths, batch sizes, learning rates, and the use of P, and
Py4 to manage noise disturbance during training. In addition, the table specifies whether VQ-VAE
was employed. Tab. [5] outlines the architecture of our latent DDIM model, including batch size,
number of epochs, MLP layers, hidden sizes, and the 8 scheduler. These details are essential for
understanding the model’s structure and its training process. For the VQ-VAE model, we utilized
the pre-trained model from (Rombach et al.| 2022) with hyperparameters f = 8, Z = 256, and
d = 4, which encodes a frame of size 3 x 256 x 256 into a latent representation of size 4 x 32 x 32.
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Table 4: Hyperparameters for all datasets.

Dataset |  MUG TaiChi-HD VoxCeleb CelebV-HQ TIMIT
Phaen -1.2 —-1.2 —-04 —-04 -0.4
Py 1.2 1.2 1.0 1.0 1.0
NFE 71 63 63 63 63
VQ-VAE X X v v X

Ir le—4 le—4 le—4 le—4 le—4
bsz 8 16 16 16 128
#Epoch 1600 40 100 450 750
Dataset repeats 1 150 1 1 1

s dim 256 512 512 1024 32

d dim 64 64 12 16 4
hidden dim 128 1024 1024 1024 128
Base channels 64 64 192 192 256
Channel multipliers [1,2,2,2] [4,4,4,4]
Attention placement 2] None
Encoder base ch 64 64 192 192 128
Encoder ch. mult. (1,2,2,2] [4,4,4,4]
Enc. attn. placement 2] None
Input size 3x64x64 3 x64x64 3x256x256 3 x256x 256 80
Seq len 15 10 10 10 68
Optimizer AdamW (weight decay= le—>5)

Backbone Unet MLP

Table 5: Network architecture of our latent DDIM.

Parameter \ MUG TaiChi-HD VoxCeleb Celebv-HQ
Batch size 128 128 128 128
#Epoch 500 500 200 1000
MLP layers (V) 10

MLP hidden size | 1216 5008 2528 4736

3 scheduler Linear

Learning rate le—4

Optimizer AdamW (weight decay= le—5)

Train Diff T 1000

Diffusion loss L2 loss with noise prediction e

C DATASETS

MUG. The MUG facial expression dataset, introduced by |Aifanti et al.| (2010), contains image
sequences from 52 subjects, each displaying six distinct facial expressions: anger, fear, disgust,
happiness, sadness, and surprise. Each video sequence in the dataset ranges from 50 to 160 frames.
To create sequences of length 15, as done in prior work (Bai et al.| [2021), we randomly select 15
frames from the original sequences. We then apply Haar Cascade face detection to crop the faces
and resize them to 64 x 64 pixels, resulting in sequences of z € R5*3%64X64 " The final dataset
comprises 3,429 samples. In the case of of the zero shot experiments we resize the images to
256 x 256 pixels.

TaiChi-HD. The TaiChi-HD dataset, introduced by [Siarohin et al.| (2019), contains videos of
full human bodies performing Tai Chi actions. We follow the original preprocessing steps from
FOMM (Siarohin et al., 2019) and use a 64 x 64 version of the dataset. The dataset comprises 3,081
video chunks with varying lengths, ranging from 128 to 1,024 frames. We split the data into 90% for
training and 10% for testing. To create sequences of length 10, similar to the approach used for the
MUG dataset, we randomly select 10 frames from the original sequences. The resulting sequences
are resized to 64 x 64 pixels, forming z € R10%3%64x64
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VoxCeleb. The VoxCeleb dataset (Nagrani et al., |2017) is a collection of face videos extracted
from YouTube. We used the preprocessing steps from |Albanie et al.| (2018)), where faces are ex-
tracted, and the videos are processed at 25/6 fps. The dataset comprises 22,496 videos and 153,516
video chunks. We used the verification split, which includes 1,211 speakers in the training set
and 40 different speakers in the test set, resulting in 148,642 video chunks for training and 4,874
for testing. To create sequences of length 10, we randomly select 10 frames from the original se-

quences. The videos are processed at a resolution of 256 x 256 resulting in sequences represented
as o € RI0X3X256x256

CelebV-HQ. The CelebV-HQ dataset (Zhu et al.l 2022) is a large-scale collection of high-quality
video clips featuring faces, extracted from various online sources. The dataset consists of 35,666
video clips involving 15,653 identities, with each clip manually labeled with 83 facial attributes,
including 40 appearance attributes, 35 action attributes, and 8 emotion attributes. The videos were
initially processed at a resolution of 512 x 512. We then used Wang et al| (2021) to crop the
facial regions, resulting in videos at a 256 x 256 resolution. To create sequences of length 10,

we randomly selected 10 frames from the original sequences, producing sequences represented as
7 € RL0X3X256x256

TIMIT. The TIMIT dataset, introduced by |Garofolo| (1993), is a collection of read speech de-
signed for acoustic-phonetic research and other speech-related tasks. It contains 6300 utterances,
totaling approximately 5.4 hours of audio recordings, from 630 speakers (both men and women).
Each speaker contributes 10 sentences, providing a diverse and comprehensive pool of speech data.
To pre-process the data we use mel-spectogram feature extraction with 8.5ms frame shift applied to
the audio. Subsequently, segments of 580ms duration, equivalent to 68 frames, are sampled from
the audio and treated as independent samples.

D METRICS

Average Keypoint Distance (AKD). To evaluate whether the motion in the reconstructed video
is preserved, we utilize pre-trained third-party keypoint detectors on the TaiChi-HD, VoxCeleb,
CelebV-HQ, and MUG datasets. For the VoxCeleb, CelebV-HQ and MUG datasets, we employ the
facial landmark detector from |Bulat & Tzimiropoulos| (2017), whereas for the TaiChi-HD dataset,
we use the human-pose estimator from |Cao et al.|(2017). Keypoints are computed independently
for each frame. AKD is calculated by averaging the L; distance between the detected keypoints
in the ground truth and the generated video. The TaiChi-HD and MUG datasets are evaluated at a
resolution of 64 x 64 pixels, and the VoxCeleb and CelebV-HQ datasets at 256 x 256 pixels. If the
model output is at a lower resolution, it is interpolated to 256 x 256 pixels for evaluation.

Average Euclidean Distance (AED). To assess whether the identity in the reconstructed video is
preserved, we use the Average Euclidean Distance (AED) metric. AED is calculated by measuring
the Euclidean distance between the feature representations of the ground truth and the generated
video frames. We selected the feature embedding following the example set in|Siarohin et al.|(2019).
For the VoxCeleb, CelebV-HQ, and MUG datasets, we use a VGG-FACE for facial identification
using the framework of |Serengil & Ozpinar| (2020), whereas for TaiChi-HD, we use a network
trained for person re-identification (Hermans et al.,|2017). TaiChi-HD and MUG are evaluated at a
resolution of 64 x 64 pixels, and VoxCeleb and CelebV-HQ at 256 x 256 pixels.

To ensure fairness when measuring AED and AKD, we created a predefined dataset of example pairs,
ensuring that all models are evaluated on the exact same set of pairs. This is important because when
measuring quantitative metrics, the results may vary depending on the dynamics swapped between
two subjects, as e.g., the key points in AKD in the original video are influenced by the identity of
the person. To address this issue, we establish a fixed set of pairs for a consistent comparison across
all methods.

Accuracy (Acc). Asin|Naiman et al.|(2023), we used this metric for the MUG dataset to evaluate
a model’s ability to preserve fixed features while generating others. For example, dynamic features
are frozen while static features are sampled. Accuracy is computed using a pre-trained classifier,
referred to as the “judge”, which is trained on the same training set as the model and tested on
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the same test set. For the MUG dataset, the classifier checks that the facial expression remains
unchanged during the sampling of static features.

Inception Score (IS). The Inception Score is a metric used to evaluate the performance of the
model generation. First, we apply the judge, to all generated videos z}", obtaining the condi-
tional predicted label distribution p (y|x1zv). Next, we compute p(y), the marginal predicted label
distribution, and calculate the KL-divergence KL [p (y|z§"") [|p(y)]. Finally, the Inception Score

is computed as IS = exp (E,KL [p (y|z§"") [[p(y)]). We use this metric evaluate our results on
MUG dataset.

Inter-Entropy (H (y|z{?")). This metric reflects the confidence of the judge in its label predic-
tions, with lower inter-entropy indicating higher confidence. It is calculated by passing k generated
sequences {x3V }1* into the judge and computing the average entropy of the predicted label distri-

butions: 1 Zle H(p(y|{xEV'}?)). We use this metric evaluate our results on MUG dataset.

Intra-Entropy (H(y)). This metric measures the diversity of the generated sequences, where a
higher intra-entropy score indicates greater diversity. It is computed by sampling from the learned
prior distribution p(y) and then applying the judge to the predicted labels y. We use this metric to
evaluate our results on the MUG dataset.

EER. Equal Error Rate (EER) metric is widely employed in speaker verification tasks. The EER
represents the point at which the false positive rate equals the false negative rate, offering a bal-
anced measure of performance in speaker recognition. This metric, commonly applied to the TIMIT
dataset, provides a robust evaluation of the model’s ability to disentangle features relevant to speaker
identity.

Figure 7: Rows A and B are two inputs from the test set. Row C shows a dynamic swap example,
using the static of A and dynamics of B. In row D we extract the same person from A, but with the
dynamics as labeled in B. Finally, in row E, we extract the same person from A with the dynamics
that are predicted by the classifier.

E MUG AND JUDGE METRIC ANALYSIS

While our results show significant improvement over previous methods on VoxCeleb
[2017), CelebV-HQ [2022)), and TaiChi-HD [2019), both in terms of disen-
tanglement and reconstruction, our performance on MUG (Aifanti et al.,[2010) is only on par with
the state-of-the-art methods. Since MUG is a labeled dataset, the traditional evaluation task involves
the unconditional generation of static factors while freezing the dynamics, resulting in altering the
appearance of the person. The generated samples are then evaluated using an off-the-shelf judge
model (See App.[D), which is a neural network trained to classify both static and dynamic factors. If
the disentanglement method disentangles these factors effectively, we expect the judge to correctly
identify the dynamics while outputting different predictions for the static features, since the latter
were randomly sampled and should differ from the original static factor.
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Figure 8: Rows A and B are two inputs from the test set. Row C shows a dynamic swap example,
using the static of A and dynamics of B. In row D we extract the same person from A, but with the
dynamics as labeled in B. Finally, in row E, we extract the same person from A with the dynamics
that are predicted by the classifier.

Table 6: Judge benchmark disentanglement metrics on MUG.

MUG

Method Acct 1St H(y|lz)} H(y)t Reconstruction (MSE) |
MoCoGAN  63.12% 4.332 0.183 1.721 -
DSVAE 54.29% 3.608 0.374 1.657 -
R-WAE 71.25% 5.149 0.131 1.771 -
S3VAE 70.51% 5.136 0.135 1.760 -
SKD 77.45% 5.069 0.052 1.769 -
C-DSVAE 81.16% 5.341 0.092 1.775 -
SPYL 85.71% 5.548 0.066 1.779 1.311e—3
DBSE 86.90% 5.598 0.041 1.782 1.286e—3
Ours 81.15% 5.382 0.090 1.773 2.669e—7

Surprised by our results on MUG, we investigated the failure cases to understand the limitations
of our model. In particular, we examined scenarios where we freeze the dynamics and swap the
static features between two samples, and then we generate the corresponding output. In Fig.[7} we
show an example where the static features of the second row are swapped with those of the first
row, and the resulting generation is displayed in the third row. We observe that while the dynamics
from the second row are well-preserved, the generated person retains the identity of the first row.
However, the classifier incorrectly predicts the dynamics for the sequence. To further investigate
this, we extracted a ground-truth example of the person from the first row in the dataset expressing
the expected emotion and the predicted one. In the last two rows of Fig.[7] we show the same person
with predicted dynamics (fourth row) and the same person with the dynamics that the classifier
predicted (fifth row). We provide another example of the same phenomenon in Fig. [§]

We observe that while the judge predicts the wrong label for our generated samples in rows C, the
facial expressions of the people there align better with the actual dynamics in rows B. This suggests
that the classifier is biased towards the identity when predicting dynamics, potentially forming a
discrete latent space where generalization to nearby related expressions is not possible. Importantly,
the judge attains > 99% accuracy on the test set. We conclude that utilizing a judge can be prob-
lematic for measuring new and unseen variations in the data. This analysis motivates us to present
the AKD and AED, as detailed above in App.

F ADDITIONAL RESULTS

F.1 RECONSTRUCTION RESULTS

In Figs.[9]to[T2] we present several qualitative reconstruction examples across all datasets.
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Figure 9: Reconstruction results of CelebV-HQ (256 x 256). The first row for each pair is the
original video and the second row is its reconstruction.

F.2 ADDITIONAL RESULTS: CONDITIONAL SWAP

In what follows, we present more results for the conditional swapping experiment from the main text
(Sec.[5.1). In each figure, the first two rows show the original sequences (real videos). The third and
fourth rows are the results of the conditional swap where we change the dynamic and static factors,
respectively. We show our results for all datasets in Figs. [I3]to [I6]

F.3 ADDITIONAL RESULTS: UNCONDITIONAL SWAP

In this section, we present more results for the unconditional swapping experiment from the main
text (Sec.[5.4). Each figure is composed of separate panels. In each panel, the middle row represents
the original sequence. In the top row, we sample new dynamic factors and freeze the static factor. In
the bottom row below, we sample a new static factor and freeze the dynamics. We show our results

on all datasets in Figs. [T7|to 20]

F.4 ADDITIONAL RESULTS: ZERO-SHOT DISENTANGLEMENT

Here we extend the results from Sec.[5.2} We provide additional examples of conditional swapping
when the model is trained on one dataset and evaluated on another dataset, unseen during training.
Specifically, in Fig. 2T} we show examples where the model is trained on VoxCeleb and tested on
MUG. Additionally, in Fig.[22] the model is trained on VoxCeleb and tested on CelebV-HQ. Finally,
in Fig. 23] the model is trained on CelebV-HQ and tested on VoxCeleb.
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Figure 10: Reconstruction results of VoxCeleb (256 x 256). The first row for each pair is the original
video and the second row is its reconstruction.

F.5 ADDITIONAL RESULTS: MULTIFACTOR DISENTANGLEMENT

In this section, we present more examples for traversing the latent space, separately for the static
and dynamic factors. For static factors, we show in Figs.[24]to[35] There, we find different factors of
variation such as Male to Female, younger to older, brighter and darker hair color, and more. Each
row in the figure is a video, and the different columns represent the traversal in « values (see Eq.[9).
In addition, we present full examples of dynamic factor traversal in Figs. [36] to 7} demonstrating
various factors of variation. Among the factors are facial expressions, camera angles, head rotations,
eyes and mouth control, etc.
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Figure 11: Reconstruction results of TaiChi-HD. The first row for each pair is the original video and
the second row is its reconstruction.

Figure 12: Reconstruction results of MUG. The first row for each pair is the original video and the
second row is its reconstruction.
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Figure 13: Each panel contains a pair of original videos from CelebV-HQ (Real videos), and a pair

of conditional swapping of the dynamic and static factors (Swapped videos).
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Real videos Swapped videos Real videos Swapped videos Real videos Swapped videos Real videos

Swapped videos

Figure 14: Each panel contains a pair of original videos from VoxCeleb (Real videos), and a pair of
conditional swapping of the dynamic and static factors (Swapped videos).
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Real videos

Swapped videos

Real videos

Swapped videos

Real videos Swapped videos Real videos

Swapped videos

Figure 15: Each panel contains a pair of original videos from TaiChi-HD (Real videos), and a pair
of conditional swapping of the dynamic and static factors (Swapped videos).
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Swapped videos Real videos Swapped videos Real videos Swapped videos Real videos

Real videos

Swapped videos

Figure 16: Each panel contains a pair of original videos from MUG (Real videos), and a pair of
conditional swapping of the dynamic and static factors (Swapped videos).
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static <= = real = =»dynamics

Figure 17: CelebV-HQ unconditional swapping. The middle row represents the original video (real),
the row above shows a dynamic swap (dynamics), and the row below shows a static swap (static).
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Figure 18: VoxCeleb unconditional swapping. The middle row represents the original video (real),
the row above shows a dynamic swap (dynamics), and the row below shows a static swap (static).
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Figure 19: TaiChi-HD unconditional swapping. The middle row represents the original video (real),
the row above shows a dynamic swap (dynamics), and the row below shows a static swap (static).
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Figure 20: MUG unconditional swapping. The middle row represents the original video (real), the
row above shows a dynamic swap (dynamics), and the row below shows a static swap (static).
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Swapped videos

Real videos Swapped videos Real videos

Swapped videos

Real videos

Swapped videos

Figure 21: Each panel contains in its first and second rows a pair of real videos from VoxCeleb and
MUG, respectively. We perform conditional swapping using a model that was trained on VoxCeleb,
but we zero-shot swap the dynamic and static factors of a MUG example (Swapped videos).
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Figure 22: Each panel contains in its first and second rows a pair of real videos from VoxCeleb and
CelebV-HQ. We perform conditional swapping using a model that was trained on VoxCeleb, but we
zero-shot swap the dynamic and static factors of a CelebV-HQ example (Swapped videos).
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Figure 23: Each panel contains in its first and second rows a pair of real videos from CelebV-HQ
and VoxCeleb. We perform conditional swapping using a model that was trained on CelebV-HQ,
but we zero-shot swap the dynamic and static factors of a VoxCeleb example (Swapped videos).
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Figure 24: Traversing between Male appearances and Female appearances.
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Figure 25: Traversing over a darker hair factor.
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Figure 26: Traversing between sharper and blurry videos.
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Figure 27: Traversing over a brighter hair factor.
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Figure 28: Traversing between younger and older appearances.
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Figure 29: Traversing over skin color variations.
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Figure 30: Traversing between Male appearances and Female appearances.

Figure 31: Traversing over a darker hair factor.
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Figure 32: Traversing between sharper and blurry videos.

Brighter haifg = = = = = = = = Real video

Figure 33: Traversing over a brighter hair factor.
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Figure 35: Traversing over skin color variations.
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Figure 41: Traversing over eyes openness factor.
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Figure 42: Traversing over a head rotation factor.
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Figure 43: Traversing over various head angles.
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Figure 45: Traversing over facial expressions.
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Figure 46: Traversing over mouth openness factor.
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Figure 47: Traversing over eyes openness factor.
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