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Abstract

Unsupervised representation learning, particularly sequential disentanglement,
aims to separate static and dynamic factors of variation in data without relying
on labels. This remains a challenging problem, as existing approaches based on
variational autoencoders and generative adversarial networks often rely on multiple
loss terms, complicating the optimization process. Furthermore, sequential disen-
tanglement methods face challenges when applied to real-world data, and there is
currently no established evaluation protocol for assessing their performance in such
settings. Recently, diffusion models have emerged as state-of-the-art generative
models, but no theoretical formalization exists for their application to sequential
disentanglement. In this work, we introduce the Diffusion Sequential Disentan-
glement Autoencoder (DiffSDA), a novel, modal-agnostic framework effective
across diverse real-world data modalities, including time series, video, and audio.
DiffSDA leverages a new probabilistic modeling, latent diffusion, and efficient
samplers, while incorporating a challenging evaluation protocol for rigorous test-
ing. Our experiments on diverse real-world benchmarks demonstrate that DiffSDA
outperforms recent state-of-the-art methods in sequential disentanglement.

1 Introduction

The advancements in diffusion models have demonstrated generative performance that surpasses
previous approaches, such as variational autoencoders (VAEs) and generative adversarial networks
(GANGs) [} 12 3], earning recognition for their ability to produce high-quality samples across di-
verse data modalities. However, this remarkable performance often comes at the cost of requiring
large amounts of labeled data [4]. This reliance on labels underscores the growing importance of
unsupervised learning [5]], which aims to unlock the potential of such models without the need for ex-
pensive annotations. Within unsupervised learning, disentangled representation learning has become
particularly significant [[6]. This approach seeks to decompose latent representations into distinct
factors, where each factor captures a specific variation in the data. Such representations improve
interpretability [7]], mitigate biases [8l], and improve generalization [9]. A prominent challenge is
to develop a modal-agnostic approach for sequential data such as video, audio, and time series. In
particular, the goal is to decompose the sequential signal into separate static and dynamic latent com-
ponents in an unsupervised manner. For example, in a video of a person speaking, the static factors
could represent the person’s facial appearance, while the dynamic factors encode facial movements.
In audio recordings, static factors may correspond to the speaker’s identity, while dynamic factors
capture content of the speech.

Despite recent advancements, most sequential disentanglement methods [10} (11} [12} 13114} 115] rely
on VAEs and GANSs, which often require complex optimization with extensive hyperparameter tuning.
For instance, C-DSVAE [12] requires five hyperparameters solely to balance its various loss terms.
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Moreover, these models are often evaluated on toy datasets and struggle to produce high-quality
samples in real-world scenarios. The reliance on VAEs and GANSs is directly related to the absence
of a modeling framework for sequential disentanglement within diffusion-based modeling. Further,
existing diffusion architectures do not produce disentangled representations [[16,[17]. We hypothesize
that a diffusion-based framework can reduce hyperparameter tuning and improve sample quality,
paving the way for more robust and scalable approaches to unsupervised sequential disentanglement.

In this work, we introduce Diffusion Sequential Disentanglement Autoencoder (DiffSDA), a novel
probabilistic framework for sequential disentanglement. Unlike prior tools [12} [14]], our method
models static and dynamic factors as interdependent, enhancing the expressivity of their marginal
distributions. Notably, our approach is based on a single standard diffusion loss term, while producing
high-quality results. Furthermore, DiffSDA is modal-agnostic, allowing it to disentangle data across
diverse modalities, such as video, audio, and time series, with only minor adjustments to the network.
This stands in contrast to modal-dependent methods, such as animation-based approaches for video,
which rely on temporal and spatial consistency properties inherent to visual data [18]], or methods
designed specifically for audio that depend on spectral or temporal cues [[19].

Practically, we implement a sequential semantic encoder and adopt the efficient sampling framework
EDM [20]. Moreover, we incorporate a latent diffusion module (LDM) [3] into our architecture,
which enables robust handling of high-dimensional, real-world data, outperforming prior sequential
disentanglement methods. Finally, using our method, we demonstrate that applying principal compo-
nent analysis (PCA) to the latent static and dynamic representations reveals a further disentanglement
into multiple interpretable factors, showcasing the richness of the learned representations.

We perform a comprehensive evaluation of our model on standard benchmarks for sequential disen-
tanglement [[14]] across three diverse data domains: audio, time series, and video. To further advance
the field, we introduce a novel evaluation protocol for high-quality visual sequential disentanglement,
incorporating three high-resolution video datasets and multiple quantitative metrics. Additionally, we
propose a new post-training approach for disentangling representations into multiple factors. For the
first time, our work presents a zero-shot task to demonstrate the generalizability of the factorization
framework. Through these extensive evaluations, we show that DiffSDA not only effectively disen-
tangles real-world data but also outperforms recent state-of-the-art methods. Our key contributions
are summarized as follows:

1. We propose a novel modal-agnostic probabilistic framework for sequential disentanglement
grounded in diffusion processes. Unlike most existing approaches, our formulation accom-
modates dependent static and dynamic factors of variation. The model is optimized using a
single, unified score estimation loss.

2. Our design enables the effective disentanglement of high-dimensional, real-world data and
supports zero-shot disentanglement tasks. Moreover, we demonstrate DiffSDA’s capability
to disentangle static and dynamic information into multiple interpretable factors.

3. We provide a comprehensive evaluation demonstrating our model’s superiority in both
qualitative and quantitative tasks, outperforming state-of-the-art methods. Additionally, we
introduce a novel evaluation protocol specifically designed for video-based disentanglement.

2 Related Work

Generative modeling is a fundamental methodology for effectively sampling from numerical
approximations of data distributions. Prominent approaches include variational autoencoders (VAESs)
and generative adversarial networks (GANSs) [21, [22]]. More recently, diffusion models [23]] and
score matching [24) 25]] have emerged as powerful alternatives, outperforming VAEs and GANs
in generating high-quality samples through iterative denoising of latent variables [1| 2]. These
methods are unified under a score-based modeling framework [26]]. A critical challenge in generative
modeling lies in representation learning, where semantic encodings of inputs are derived in an
unsupervised manner. A related topic, center to this work, is the study of modal-agnostic disentangled
representations, aiming to decompose data of various modalities into distinct factors of variation [6].

Disentangled Representation Learning. Most existing works on disentangled learning leverage
VAESs and GANs to decompose non-sequential [27, 128l 29, (30} 31} 132]] and sequential [33} 111} 134} 12|
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1301144154135, 136} [10] data. A key limitation of these approaches lies in their reliance on complex loss
formulations, which typically involve multiple regularizers alongside the standard VAEs and GANs
losses. While significant progress has been made in enhancing the generative capabilities of VAEs
and GANs [37,31]], state-of-the-art methods for sequential disentanglement largely focus on simple
datasets, far from real-world scenarios, with few exceptions like SPYL’s preliminary results [14]. In
contrast, works in animation [18} 38} [39] have shown strong results on real-world data by leveraging
video priors for disentangling objects and motion. However, these modal-dependent approaches can
exploit relaxed assumptions and specialized tools, whereas our modal-agnostic method can adapt to
diverse modalities, including video, audio, and time series.

Table 1: A comparison between animation, diffusion, and sequential disentanglement methods.

Method \ Modal Agnostic  Efficient Real-World Latent Factorization Latents Prior Loss Terms

, & FOM [18] X v v X N/A 2
EE AA[38] X v v X N/A 1

g MA[39) X v v X N/A 2
S5 DiffAE [16] X X 4 X N/A 1
=2  InfoDiff [40] X X 4 X N/A 2
£ _ SPYL [14] v v X v independent 5
.. DBSE[IS] v v X v independent 2
2 Ours v v v v dependent 1

Diffusion-Based Disentanglement. The emergence of diffusion models has recently enabled novel
approaches for non-sequential disentanglement [41} 142} 17} 43| 144, 45]], achieving high-resolution
image generation with disentangled factors. Moreover, other efforts have concentrated on structuring
their latent representations. For instance, DiffAE [[16] introduces an autoencoder to facilitate the
manipulation of visual features, while InfoDiffusion [[17]] adds a loss regularizer to enhance disen-
tanglement. Despite these advances, to the best of our knowledge, no theoretical formalization, and
specifically, probabilistic modeling, has yet been proposed for diffusion-based disentanglement in
sequential settings. Furthermore, practical approaches for this domain remain unexplored.

To contextualize our work within the landscape of existing tools, we present a comparative summary
in Tab. [T} highlighting how our approach either advances or maintains all key aspects of representation
learning. Specifically, while animation methods (FOM, AA, MA) and non-sequential diffusion tools
(DiffAE, InfoDiff) handle real-world data, they are modal-dependent and do not provide a latent
factorization. Within sequential disentanglement approaches (SPYL, DBSE), only our work supports
real-world data via a single loss optimization.

3 Method

In this section, we introduce a novel probabilistic framework for unsupervised sequential disentangle-
ment based on diffusion models. Currently, none of the existing approaches leverage diffusion models
for unsupervised sequential disentanglement, leaving a significant gap in the field. Our framework
addresses this gap by establishing a probabilistic modeling formalization and providing an efficient
implementation for disentangling static and dynamic factors in sequential data. Background on
diffusion models, diffusion autoencoders, and additional details about the method can be found in
App.[Aland App. B] Throughout 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 by x7, ¢ € [0,7] and 7 € {1,...,V}. T and V represent the maximum
diffusion and sequence times, respectively. We consider discrete time sequences of continuous time
diffusion processes; however, our modeling can be extended to additional settings.

3.1 Probabilistic Modeling

Existing frameworks for sequential disentanglement lack a probabilistic modeling foundation for
diffusion-based modeling. To address this gap, we propose a novel probabilistic approach based on
two diffusion models. The first model details the latent-independent distribution density of the static
(time-invariant) and dynamic (time-variant) factors, sy and dé’v, respectively. The second model
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Figure 1: DiffSDA processes sequences xj*" via semantic and stochastic encoders (top and bottom).
1:V

Their outputs (8o, dy’, x;*") are fed to a stochastic decoder yielding a denoised X" (right).

specifies the observed distribution and its dependence on the disentangled factors. Formally, the joint
distribution is given by

v
p(x(l):vax’%v7SO7ST,dézvad’_1T:V) :pTO(Sf))dé:V | ST7d%I“:V) HPTO(XS I X}7307d6) (1)

T7=1

where pro(so,dgY | sr,dk") is a standard diffusion process with pro(-) being the transition
distribution from time T to time 0. The state distribution of pro(x{ | X7, S0, df) is conditioned on
the latent x7- and the factors sy and df).

Importantly, our probabilistic approach differs from existing work in that our static and
dynamic factors are interdependent. 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 p;(-); and ii) efficiency—our sampler 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. We evaluate both the dependent and independent
approaches on our model to highlight the effectiveness of our approach. In summary, adopting
dependent modeling improves generation quality by 13%. Further details can be found in App.

Given a sequence x3'" ~ po(x§Y), the posterior distribution of the latent variables x;}*V and

latent factors s and djV is composed of three independent distributions. Further, unlike the
non-autoregressive prior in Eq. [I] here, we explicitly assume temporal dependence. The posterior
distribution reads

14
p(xi, s0,d5™ | x5Y) = pouxi’™ | x5V )p(so | %) [] wldf | 457 x57) @

T=1

where x}*V" and s are conditioned on the entire input x}*", and the dynamic factors only depend on pr
evious dynamic factors and current and previous data elements. We employ score matching [24] 26]],
to optimize 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 Vi log po¢ (X7 |
x{;). Overall, the optimization objective reads

0* :argmineEt{)\tE[HDg—VxlogPOtH;]}a 3)

where \; € R is a positive weight, ¢ ~ U[0, T is uniformly sampled over [0, 7], the variables
x7, x§ are sampled from their respective distributions, pg(-), po(+), and z) via the densities in Eq.
The inner expectation is taken over x7, z7, and x7;. Importantly, prq of sq, d§*"" is not used in Eq. 3]
and thus its optimization can be separated.

Notably, we make no assumptions about the given data x}'"', ensuring that our framework remains

modal-free and independent of specific properties of video, audio, or time series data. This theoretical
compatibility with any type of sequence makes it highly adaptable to diverse applications.
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3.2 Diffusion Sequential Disentanglement Autoencoder

Our architecture, shown in Fig. [I] comprises three main components: (1) a sequential semantic
encoder, (2) a stochastic encoder, and (3) a stochastic decoder. At a high level, the sequential
semantic encoder factorizes data into separate static and dynamic components, while the stochastic
decoder denoises the noisy latent representation produced by the stochastic encoder, conditioned on
the disentangled factors. Notably, unlike prior works, our implementation achieves disentanglement
with a single, simple loss term.

Encoders. Inspired by prior work in sequential disentanglement [11]], we design a novel sequential
semantic encoder to extract sy and d(ljv. Particularly, it consists of a U-Net [46] for video data and
an MLP for other modalities, coupled with linear layers that independently process each sequence
element. Then, an LSTM module summarizes the sequence into a latent representation h':"'. The
last hidden, h", is passed to a linear layer to produce sg, whereas h':"" are processed with another
LSTM and a linear layer to produce d}*"". Our stochastic encoder follows the EDM framework [20],
adding noise € ~ N(0,021) to each element xJ, yielding x] = xJ + ¢. These encoders realize in

practice the posterior in Eq.[2}
%
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Figure 2: We present swap (left), zero-shot (middle), and multifactor disentanglement (right) results
on multiple real-world and high-resolution visual datasets. See Sec. Efor further details.

Decoder. To efficiently handle real-world sequential information, we follow the decoding in
EDM [20], featuring only 63 neural function evaluations (NFEs) during inference. Our decoder Dy
takes as inputs the noisy input x] and disentangled factors z{, := (¢, dj), and it returns a denoised

version of x7, denoted by xj. Givenany ¢t € [0,T] and 7 € {1,...,V}, the decoder is parameterized
independently from other times ¢’, 7" as follows

~ k . .

x4 = Do(x],t,20) = ¢; "x] + " Fy (c)'x], 2, ;) | “4)

where ¢; ¥ modulates the skip connection, ¢, ¢?" scale the input/output magnitudes, and c!°'*¢ maps

noise at time ¢ into a conditioning input for the neural network Fj, conditioned on z{, 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. 3]

B g a3 | M) | Fp — %(xg — x5 )

t

where Fy takes as inputs ci'x7 , z{;, and c}°*¢. 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 df to store static features. We empirically validate these
assumptions through an experiment presented in App.[G.2] Finally, we briefly mention that to support
high-resolution sequences, we incorporate latent diffusion models (LDM) [3]], 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 x5V the
input sequence, and we abuse the notation x}*"' to denote the latent features, i.e., x}*V = £(x}'")
and x{"V = D(x}V"), where £ and D are the VQ-VAE encoder and decoder, respectively.
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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).

4 Results

Below, we empirically evaluate the modeling capabilities of DiffSDA in comparison to recent modal-
agnostic state-of-the-art methods (see Tab.[T), SPYL and DBSE [13]]. In general, we consider
quantitative and qualitative experiments. For video, we include three high-resolution, real-world
visual datasets that have not been previously used for sequential disentanglement: VoxCeleb [47]],
CelebV-HQ [48], and TaiChi-HD [18]], along with the popular MUG dataset [49]. For audio, we
consider TIMIT [50] and a new dataset, Libri Speech [51]]. The time series datasets are PhysioNet,
ETThl, and Air Quality [52]. Detailed descriptions of the datasets and their pre-processing can be
found in App. D] For brevity, we omit below the subscript indicating the diffusion step for clean
samples (corresponding to time step 0).

4.1 Conditional swap in videos

We begin our tests with the conditional swap task [T1]]. 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"V) and z = (8,d"") for x

and X, respectively. The new sample X is defined to be the reconstruction of z = (s, dl‘v) through
sampling, see Alg.[T] 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. [2] (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. Additional
conditional and unconditional swap results appear in App.[H.2]and App.[H.3] respectively.

In addition to the above qualitative evaluation, we also want to quantitatively assess DiffSDA’s
effectiveness. We report in App. [{l results from the traditional quantitative benchmark, where a
pre-trained judge (classifier) is used to determine if swapped content is correct [12]]. 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 generalizability 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. [Ffor further discussion.

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 [18]]. Specifically, we utilize the average
Euclidean distance (AED) that is based on the distances between the latent representations of
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Figure 4: Zero-shot swap results, training on VoxCeleb and tested on CelebV-HQ or MUG.

images. Further, we also employ the average keypoint distance (AKD) which 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. [E|for definitions.

Equipped with these new metrics, we perform conditional swapping over a pre-defined random list
of sample pairs, x,%. Particularly, we reconstruct new samples of the form z°® := (s, cil‘v) and
z? := (3,d"V), 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 similar. 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. [2] 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. [3] Again, DiffSDA is superior to current SOTA methods. Additionally, we
include a generative evaluation in App. comparing our approach to previous methods.

4.2 Zero-shot video 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. 2] (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.[2]
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.[H.4]

Table 2: 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) 0443 0.325 0.326 | 7.681 6.312 2.143
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4.3 Toward multifactor video disentanglement

Multifactor sequential disentanglement is a challenging problem, where the objective is to produce
several static factors and several dynamic factors per frame [53[]. Here, we show that our model
has the potential to further disentangle the static and dynamic features into additional factors of
variation. Inspired by DiffAE [16], we explore the learned latent space in an unsupervised linear
fashion, particularly, using principal component analysis (PCA). Namely, 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
{8;} in its columns, yielding the principal components {v;}t_,, given that b > h. We can utilize the
latter pool of static variability by exploring the latent space from a static code s of a real example x
in the test set, i.e.,

_ s — s

s:( Uus+avi~\/ﬁ>-ag+u§, (6)
5

where /15 and o2 are the mean and variance of the sampled static features, {8;}5_,, and a € [—x, &],

notice that o = 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. [2] (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,
going in the negative direction produces more feminine characters. Importantly, we highlight that
other static features and the dynamics are fully preserved across the sequence. 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.

4.4 Speaker identification in audio

Our approach is inherently modal-agnostic and extends beyond the video domain. Unlike methods
tailored specifically for video or audio, which often require extensive modifications when applied to
new modalities, our method is versatile and can adapt to different modalities with minimal adjustments
to the backbone architecture. For example, to process audio data, we simply replace the U-Net with
an MLP. In Tab. [ we demonstrate the adaptability of our model by successfully disentangling
audio data from the TIMIT dataset and Libri Speech, where TIMIT is a widely used benchmark for
speech-related tasks and Libri Speech is an additional dataset we add for this benchmark. Following
the speaker identification benchmarks [11], we evaluate disentanglement quality using the Equal
Error Rate (EER), a standard metric in speech tasks. Specifically, the Static EER measures how
effectively the static latent representations capture speaker identity, and similarly, the Dynamic EER
assesses the dynamic latent representations. Notably, a well-disentangled model should yield a low
Static EER (capturing speaker identity in static representations) and a high Dynamic EER (capturing
content-related dynamics without speaker identity). The overall goal is to maximize the gap between
these two metrics (Dis. Gap). Our model, achieves in TIMIT a disentanglement gap improvement
of over 11%, with a 42.29% compared to 31.11% achieved by DBSE, thereby surpassing current
state-of-the-art methods. Similar strong performance is achieved on Libri Speech as well. These
results highlight the efficacy of our approach in the audio domain. Additional details regarding the
dataset, evaluation metrics, and implementation are provided in the appendix. Furthermore, we report
speech quality and reconstruction results in App.[G.3} further validating our model’s effectiveness in
the audio domain.

Table 3: 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/ AKD/ MSE/
SPYL DBSE Ours | SPYL DBSE Ours | SPYL DBSE Ours
MUG 049 049 0.11 | 047 048 0.06 | 0.001 0.001 3e—7

VoxCeleb 0.99 1.03 0.37 2.27 243 1.09 | 0.005 0.003 5e—4
CelebV-HQ | 0.70 0.78 0.29 15.0 13.8  1.26 | 0.012 0.006 6e—4
TaiChi-HD 0.32 0.29 0.001 | 4.31 3.83 0.10 | 0.018 0.007 2e—7
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Table 4: Disentanglement metrics on TIMIT and LibriSpeech

Method TIMIT LibriSpeech

Static EER| Dynamic EERT Dis. Gap? | Static EER] Dynamic EERT Dis. Gap?
DSVAE 5.64% 19.20% 13.56% 15.06% 28.94% 13.87%
SPYL 3.41% 33.22% 29.81% 24.87% 49.76% 24.89%
DBSE 3.50% 34.62% 31.11% 16.75% 22.61% 5.58%
Ours 4.43% 46.72% 42.29% 11.02% 45.94% 34.93%

4.5 Downstream prediction and classification tasks on time series information

Finally, we evaluate our approach on time series data, following the evaluation protocol in [15]]. The
evaluation is carried out in two main independent setups: 1) We assess the quality of the learned
latent representations using a predictive task. The model is trained on a dataset, and at test time, the
static and dynamic factors are extracted and used as input features for a predictive model. Two tasks
are considered: (i) predicting mortality risk with the PhysioNet dataset [54]], and (ii) predicting oil
temperature using the ETTh1 dataset [55]]. Performance is evaluated using AUPRC and AUROC for
PhysioNet, and Mean Absolute Error (MAE) for ETTh1. 2) We investigate the model’s ability to
capture global patterns within its disentangled static latent representations, which have been shown
to enhance performance [56]]. Following a similar procedure, the model is trained, and now only
the static representations are extracted. These representations are then used as input features for a
classifier. For the PhysioNet dataset, Intensive Care Unit (ICU) unit types are used as global labels,
while for the Air Quality dataset, the month of the year serves as the target variable. Further details
regarding datasets, metrics, and implementation can be found in App.[D]and App. [E] We compare our
method vs. state-of-the-art baselines, including DBSE, SPYL, and GLR [52]]. Results for predictive
and classification tasks are given in Tab.[5} Notably, our model outperforms across all tasks.

Table 5: Time series prediction and classification benchmarks.

Task | GLR SPYL DBSE Supervised | Ours
o AUPRC? 0.37£0.09 0.374+0.02 0.474+0.02 0.44+0.02 | 0.50 &= 0.006
S AUROCYT 0.75+0.01 0.764+0.04 0.864+0.01 0.80+0.04 | 0.87 4= 0.004
= MAE|] (ETThl) | 12.3+£0.03 12.240.03 11.2+0.01 10.19£0.20 | 9.89 4+ 0.280
«  PhysioNett ‘ 3894+£248 4704+3.04 56.9+0.34 62.00+2.10 ‘ 64.6 £ 0.35
Q

Air Qualityt 50.3+3.87 57.9+3.53 659+0.01 62.43+0.54 | 69.241.50

5 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, speech audio, and time series. By leveraging a novel probabilistic framework,
diffusion autoencoders, efficient samplers, and latent diffusion models, Diff SDA 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 significant step towards standardizing the assessment of sequential disentanglement models.
Nevertheless, 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. Such modalities present unique challenges,
as varying temporal characteristics and distinct data patterns, which may require adapting the
model architecture and training strategies. Finally, a key challenge ahead lies in fully extending
our multifactor exploration procedure to effectively disentangle and represent multiple interacting
factors [S3]. We leave these considerations and further explorations for future work.
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A Background

A.1 Diffusion Models

Diffusion models [23]] are a family of SOTA generative models, that were recently described using
stochastic differential equations (SDEs), diffusion processes, and score-based modeling [26]. We will
use diffusion models and score-based models interchangeably. 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 change to the
state x; can be formally described by

dx; = f£(x;,t)dt + g(t)dw (7

where w is the standard Wiener process, f (-, t) is a vector-valued function called the drift coefficient,
and ¢(-) is a scalar function known as the diffusion coefficient. From a probabilistic viewpoint,
Eq. E] is associated with modeling the transition from the given data distribution, xg ~ pg, to p¢,
the probability density of x¢, t € [0,T)]. Typically, the prior distribution pr is a simple Gaussian
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 Vy log p;(x) and operating in reverse time [57]. In our
approach, we utilize the conditioned reverse process

dx; = [f(x¢, 1) — g(t)* Vi log ps(x; | w)ldE + g(t)dw, (®)

where W is a standard Wiener process as time progresses backward from 7' to 0, d? is an negative
timestep, and u is a condition variable. Diffusion models are generative by sampling from pr and
use Vi log p:(x; | u) to iteratively solve Eq. until samples from p are recovered.

A.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 [[16} [17] have
adapted diffusion models into autoencoders, resulting in diffusion autoencoders (DiffAEs). These
models have demonstrated the ability to learn semantic representations 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.m. 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 [2]]. The AdaGN block is
defined as

AdaGN(h, t, zem) = 25 (ts GroupNorm(h) + ) 9)

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

B DiffSDA Modeling

B.1 Unsupervised Sequential Disentanglement

Unsupervised sequential disentanglement is a challenging problem in representation learning, aiming
to decompose a given dataset to its static (time-independent) and dynamic (time-dependent) factors of
variation. Let D = {x}’V }_, be a dataset with N sequences x;*" := {x},...,x) }, where x] € 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 sequence
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) = /Zp<xlﬁv |2 (V) A2V (10
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where z'V = (s, dl’v). One of the main challenges with directly maximizing Eq. (I0) is that the
latent space Z is too large to practically integrate over. Instead, a separate distribution, denoted here
as q(z+V | x1*V), is used to narrow search to be only over z"*V associated with sequences from the
dataset D. Importantly, the distributions p(x*"" | z1'V") and ¢(z'*" | x':V) take the form of a decoder
and an encoder in practice, suggesting the development of autoencoder sequential disentanglement
models [T1]. The above p(x*V | z'V) and ¢(z'*V | x1*V") are denoted by pro(x§ | X7, so, d]) and
p(xEY,s0,d5" | x5V), respectively, in Eq.[1]and Eq.

B.2 High-Resolution Disentangled Sequential Diffusion Autoencoder

In addition to transitioning to real-world data, our goal is to manage high-resolution data for unsuper-
vised sequential disentanglement, for the first time. Drawing inspiration from [3]], we incorporate
perceptual image compression, which combines an autoencoder with a perceptual loss [58] and a
patch-based adversarial objective [59} 160, 161]]. 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 [21} 162]. The second
variant integrates a vector quantization layer [63}64] 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] = £(x(), 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(x7). The EDM formulation in Eq. 4| 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
Odata, Which could significantly affect other hyperparameters [65)]. Therefore, we keep 04, 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.

B.3 Prior Modeling

We model the prior static and dynamic distribution with pro(so, d§V | s7, d%""). To sample static
and dynamic factors, we train a separate latent DDIM model [66]]. Then, we can extract the factors
by sampling noise, and reversing the trained model. Specifically, we learn pa;(z}Y | 1Y) where
zo = (80, dy") are the outputs of our sequential semantic encoder. The training is done by simply
optimizing the Ljyen With respect to DDIM’s output €4 (+):

T
Elatent = ZEzliv,st [H&b(zitvv t) - 6t|” (11)
t=1
where ¢; € RAV+s ~ N (O7 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 [66]. For
designing the architecture of our latent model, we follow [16] and it is based on 10 MLP layers. Our
network architecture and hyperparamters are provided in Tab.

B.4 Reverse processes

The detailed reverse sampling algorithm is provided in Alg.[I] We follow [20] 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 [16], 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. [} improves the results empirically. That is,
given two sample videos x, X ~ pyg, 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.

C Hyper-parameters

The hyperparameters used in our autoencoder are listed in Tab. [6|and Tab.[7] detailing the configura-
tions for each dataset: MUG, TaiChi-HD, VoxCeleb, CelebV-HQ, TIMIT, LibriSpeech, PhysioNet,
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Algorithm 1 Conditioned Stochastic Sampler with o (t) = t and s(t) = 1.

1: procedure CONDITIONEDSTOCHASTICSAMPLER(Dg, tic{o,....N}s Vic{0,...N—1}> Z0 " +X0" s Smice)
2 if x5*V # None then
3 x5V « Algorithm 2 output
4 else
> S.ample X}\}V - N(O’ t?\; I> {min(SCJ}{?m ) ﬁ—1> if t,,G[StmimStmax]
6 fori e {N,...,1} do >y = )
7 sample €; ~ NV (0, 57 I) 0 otherwise
8 ti < ti +vits > Select temporarily increased noise level ¢;
9: X7 — xT+/i2 -t e > Add new noise to move from ¢; to t;
10: d; < (x] — Do(x],2zd;1:)) /b > Evaluate dx/dt at ¢;
11: X1 < X] + (tio1 — ti)d; > Take Euler step from ¢; to ;1
12: if ti—1 76 0 then
13: di < (x]_1 — Do(x]_1,25;ti-1)) /ti1 > Apply 2™ order correction
14: X;_1 — X] + (ti_l — Lt@)(%dl + %d{)
15: return xo
Algorithm 2 Stochastic Encoding with o(t) = ¢ and s(t) = 1.
1: procedure STOCHASTICENCODER(Dg, ticqo,....N}> Vie{0,....N—1}> x5V, zdY)
2 sample xo ~ N (0, 15 1) {min(sj'{}'m,ﬁ—l) if € [Sunin, Son]
3 fori € {0,...,N —1}do >y = ;
4: sample €; ~ NV (0, 57 T) 0 otherwise
S: ti < ti +vits > Select temporarily increased noise level ¢;
6 T — x; +\/ t? — t? €; > Add new noise to move from ¢; to ¢;
7 di < (x] — Do(x],z5;t:)) /ti > Evaluate dx” /dt at ¢;
8: Xi11 ¢ X + (tig1 — ti)d; > Take Euler step from ¢; to ;41
9: if t7;+1 75 O max then
10: di < (x[41 — Do (X741, 205 tiv1)) /tiva > Apply 2™ order correction
11: x;,_l — X; + (ti+1 — tl)(%dz + %d{)
12: return x&"

Air Quality and ETTh1. We provide the values of essential parameters such as sequence lengths,
batch sizes, learning rates, and the use of Pyean and Pyq to manage noise disturbance during training.
In addition, the table specifies whether VQ-VAE was employed. Tab.[§outlines the architecture of
our latent DDIM model, including batch size, number of epochs, MLP layers, hidden sizes, and the 3
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 [3]] 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.

D Datasets

MUG. The MUG facial expression dataset, introduced by [49], 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 [[12], 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 x € R5*3x64x64 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 [[18]], contains videos of full human bodies
performing Tai Chi actions. We follow the original preprocessing steps from FOMM [[18]] 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

17



651
652

653
654
655
656
657

Table 6: Hyperparameters for Video datasets.

Dataset \ MUG TaiChi-HD VoxCeleb CelebV-HQ
Priaen —-1.2 —-1.2 —-0.4 —-0.4
Py 1.2 1.2 1.0 1.0
NFE 71 63 63 63
Ir le—4 le—4 le—4 le—4
bsz 8 16 16 16
#Epoch 1600 40 100 450
Dataset repeats 1 150 1 1
s dim 256 512 512 1024
d dim 64 64 12 16
hidden dim 128 1024 1024 1024
Base channels 64 64 192 192
Channel multipliers [1,2,2,2]
Attention placement 2]
Encoder base ch 64 64 192 192
Encoder ch. mult. [1,2,2,2]
Enc. attn. placement 2]
Input size 3x64x64 3x64x64 3x256x256 3 x256x 256
Seq len 15 10 10 10
Optimizer AdamW (weight decay= le—5)
Backbone Unet
GPU 1 RTX 4090 3 RTX 4090
Table 7: Hyperparameters for audio and TS.
Dataset \ TIMIT LibriSpeech Physionet Airq ETTH
Phaen -0.4 -04 —-0.4 -04 -04
Py 1.0 1.0 1.0 1.0 1.0
NFE 63 63 63 63 63
Ir le—4 le—3 S5e—b le—4 le—4
bsz 128 128 30 10 10
#Epoch 750 200 200 200 200
s dim 32 32 24 16 16
d dim 4 2 2 4 4
hidden dim 128 256 96 512 512
Base channels 256 64 256 256 128
Channel multipliers [4,4,4,4]
Attention placement None
Encoder base ch 128 128 96 128 256
Encoder ch. mult. [4,4,4,4]
Enc. attn. placement None
Input size 80 80 10 10 6
Seq len 68 68 80 672 672
Optimizer AdamW (weight decay= 1le—5)
Backbone MLP
GPU 1 RTX 4090

10 frames from the original sequences. The resulting sequences are resized to 64 x 64 pixels, forming
2 € RI0X3X64%64

VoxCeleb. The VoxCeleb dataset [47]] is a collection of face videos extracted from YouTube. We
used the preprocessing steps from [67]], where faces are extracted, 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
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Table 8: 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
[ scheduler Linear

Learning rate le—4

Optimizer AdamW (weight decay= le—5)
Train Diff T 1000

Diffusion loss L2 loss with noise prediction e

GPU 1 RTX 4090

randomly select 10 frames from the original sequences. The videos are processed at a resolution of
256 x 256 resulting in sequences represented as 2z € R10X3%256x256

CelebV-HQ. The CelebV-HQ dataset [48] 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 [40] 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 x € R10%3%256x256

TIMIT. The TIMIT dataset, introduced by [50], is a collection of read speech designed 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.

LibriSpeech. The LibriSpeech dataset [51] is a corpus of read English speech derived from
audiobooks, containing 1,000 hours of speech sampled at 16 kHz. For our training, we used the
train-clean-360 subset, which consists of 363.6 hours of speech from 921 speakers. As validation
and test sets, we use dev-clean and test-clean, each containing 5.4 hours of speech from 40
unique speakers, where there is no identity overlap across all subsets. For pre-processing, we extract
mel-spectrogram features with an 8.5 ms frame shift applied to the audio. We then sample segments
of 580 ms duration (equivalent to 68 frames) from the audio, treating them as independent samples.

PhysioNet. The PhysioNet ICU dataset [54]] consists of medical time series data collected from
12,000 adult patients admitted to the Intensive Care Unit (ICU). This dataset includes time-dependent
measurements such as physiological signals, laboratory results, and relevant patient demographics
like age and reasons for ICU admission. Additionally, labels indicating in-hospital mortality events
are included. Our preprocessing procedures follow the guidelines provided in [S2].

Air Quality. The UCI Beijing Multi-site Air Quality dataset [55]] comprises hourly records of
air pollution levels, collected over a four-year period from March 1, 2013, to February 28, 2017,
across 12 monitoring sites in Beijing. Meteorological data from nearby weather stations of the China
Meteorological Administration is also included. Our approach to data preprocessing, as described in
[52], involves segmenting the data based on different monitoring locations and months of the year.

ETThl. The ETThl dataset is a subset of the Electricity Transformer Temperature (ETT) dataset,
containing hourly data over a two-year period from two counties in China. The dataset is focused
on Long Sequence time series Forecasting (LSTF) of transformer oil temperatures. Each data point
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consists of the target value (oil temperature) and six power load features. The dataset is divided into
training, validation, and test sets, with a 12/4/4-month split.

E 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 [68]], whereas for the TaiChi-HD dataset, we use the human-pose
estimator from [69]. 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 [[18]. For the VoxCeleb,
CelebV-HQ, and MUG datasets, we use a VGG-FACE for facial identification using the framework of
[70], whereas for TaiChi-HD, we use a network trained for person re-identification [71]]. 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). As in [14]], 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 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 ", obtaining the conditional predicted
label distribution p (y|z**""). 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§") lp(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 {z§V }1* into the judge and computing the average entropy of the predicted label distribu-

tions: Zle H(p(y|{zy"V'}?)). 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 balanced
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.
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AUPRC. The Area Under the Precision-Recall Curve (AUPRC) is a metric that evaluates the
balance between precision and recall by measuring the area beneath their curve. A higher AUPRC
reflects superior model performance, with values nearing 1 being optimal, indicating both high
precision and recall.

AUROC. The Area Under the Receiver Operating Characteristic Curve (AUROC) measures the
trade-off between true positive rate (TPR) and false positive rate (FPR), quantifying the area under
the curve of these rates. A higher AUROC signifies better performance, with values close to 1 being
desirable, representing a model that distinguishes well between positive and negative classes.

MAE. Mean Absolute Error (MAE) calculates the average magnitude of errors between predicted
and observed values, offering a simple and intuitive measure of model accuracy. As it computes the
average absolute difference between predicted and actual values, MAE is resistant to outliers and
provides a clear indication of the model’s prediction precision.

DNSMOS. Deep Noise Suppression Mean Opinion Score (DNSMOS [72])) is a neural network-
based metric introduced to estimate the perceptual quality of speech processed by noise suppression
algorithms. Trained to predict human Mean Opinion Scores (MOS), DNSMOS provides a no-
reference quality assessment that correlates strongly with subjective human judgments. It evaluates
both the speech quality and the effectiveness of noise reduction, offering a comprehensive measure of
audio clarity and intelligibility. This metric is especially useful in evaluating real-world performance
of speech enhancement systems without the need for costly and time-consuming human listening
tests.

Figure 5: 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.

Figure 6: 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.
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Table 9: Judge benchmark disentanglement metrics on MUG.

MUG

Method Acct ISt H(ylz)d 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% 5.569 0.052 1.769 -
C-DSVAE 81.16% 5.341 0.092 1.775 -
SPYL 85.71% 5.048 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

F MUG and Judge Metric Analysis

While our results show significant improvement over previous methods on VoxCeleb [47], Celeb V-
HQ [48]], and TaiChi-HD [18]], both in terms of disentanglement and reconstruction, our performance
on MUG [49]] 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.[E), 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.

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.[5] 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.[5] 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. [6]

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 problematic for measuring new and unseen variations in the data. This analysis motivates us to
present the AKD and AED, as detailed above in App. [E]

G Additional Experiments

G.1 Dependent vs. Independent Prior Modeling

In Sec. 3] we describe our approach to prior modeling, highlighting our decision to generate latent
factors dependently rather than independently, as done in previous state-of-the-art methods. Beyond
being a parameter- and time-efficient choice, we empirically validate the advantages of our approach
in the following experiment.

In this experiment, we compare two setups: (1) dependent generation of static and dynamic latent
vectors, and (2) independent generation of these latent vectors using two latent DDIM models: one
for the static vector and another for the dynamic vectors. To quantitatively assess the effectiveness
of both approaches, we measure the Fréchet Video Distance (FVD) 73], a metric derived from the
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well-established FID score for videos. This metric evaluates how well a generative model captures
the observed data distribution, where lower scores indicate better performance.

We conduct our evaluation on the VoxCeleb dataset, training two latent models. The independent
model achieves an FVD score of 75.03, whereas our dependent approach achieves a significantly
lower score of 65.23, representing a =~ 13% improvement. This result underscores the expressive
advantage of modeling latent factors dependently.

G.2 Additional Analysis of DiffSDA Disentanglement Components

This section explores the impact of two key components of our method on disentanglement quality: i)
the static latent factor sy shared across all time steps 7, and ii) the dimensionality of the dynamic
latent factor dfj.

To analyze these effects, we trained four models on the VoxCeleb dataset for 100 epochs, maintaining
a static latent dimension of 128 while varying the size of the dynamic latent factor and whether the
static latent factor was shared or not. The models were evaluated using our conditional swapping
protocol and a verification metric based on the VGG-FACE framework proposed in [70]]. Specifically,
we assessed identity consistency by freezing the static factor and swapping the dynamic factor, with
the verification score representing the percentage of cases where identity was correctly preserved
across frames.

As shown in Tab[I0] our results indicate that the optimal performance (first row of the table) is
achieved when d has a smaller dimensionality, and the static factor is shared. Other configurations
reveal significant trade-offs: increasing dfj dimensionality results in higher AED scores but reduced
verification accuracy, indicating weaker disentanglement of the static factor. Similarly, when s is not
shared, the AKD score degrades significantly, suggesting ineffective disentanglement of the dynamic
factor. These findings underscore the importance of both (i) and (ii) in achieving robust sequential
disentanglement.

Table 10: Disentanglement effect of VoxCeleb dataset

dj size s shared? Verification ACC 1 (Static Frozen) AED | (static frozen) AKD | (dynamics frozen)

16 v 64.36% 0.925 2.882
128 4 18.03% 1.054 2.077
16 X 56.75% 0.898 12.64
128 X 48.41% 0.980 12.28

G.3 Speech Quality and Reconstruction Comparison

This section discusses the results of speech reconstruction and quality evaluation presented in table[TT]
on the LibriSpeech dataset. We compare the reconstruction performance using the Mean Squared
Error (MSE) on the spectrograms and assess speech quality using the Deep Noise Suppression Mean
Opinion Score (DNSMOS) [[72]. The DNSMOS metric has a maximum score of 5, but the original
(reference) dataset achieves a score of 3.9, as shown in the REF row of the table. As can be seen in
the table, our model outperforms all comparable methods, achieving the lowest MSE and the highest
DNSMOS among the evaluated approaches.

Table 11: Disentanglement and generation quality metrics on Libri Speech. For generation quality,
we report MSE on the spectogram and Deep Noise Suppression Mean Opinion Score (DNSMOS).

Method  MSE,  DNSMOS?t

REF —— 3.9
=
0o
= 8
- & DSVAE 5.53e—2 3.13
SPYL 4.40e—1 2.21
DBSE 6.72e—3 2.88

Ours 1.83e—4 3.41
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G.4 Generative Quality Compression

This section discusses the generative quality results shown in Table[T2] evaluated using the Fréchet
Video Distance (FVD) on the VoxCeleb dataset. We generated the same number of samples as in
the test set and computed the FVD score against the test set. This process was repeated five times
for each model using different five diffrent seeds to obtain a robust estimate. We report the mean
FVD along with the standard deviation. The results demonstrate that our model outperforms existing
state-of-the-art sequential disentanglement models in the video generation task.

Table 12: Fréchet Video Distance (FVD) results on VoxCeleb dataset to assess video generation
quality. All experiments were conducted across five different random seeds to ensure robustness and
account for variability in generation.

Model | FVD]

SPYL | 582.28 £1.15
DBSE | 1076.44 £ 2.22

Ours | 65.23 +0.81

H Additional Results

H.1 Reconstruction Results

In Figs. [7]to[I0] we present several qualitative reconstruction examples across all datasets.

H.2 Additional results: conditional swap

In what follows, we present more results for the conditional swapping experiment from the main text
(Sec.[.I). 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. [IT]to[T4}

H.3 Additional results: unconditional swap

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*"),

we can unconditionally sample new (§ dl'v) using our separate DDIM model (see Sec. |3 ' We then

reconstruct the static swap (8, d""") and the dynamic swap (s, d* V) similarly as described above.
In Fig. [I5] 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 bottom
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. In addition, we also present more results where 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.[T6]

to[19

H.4 Additional results: zero-shot disentanglement

Here we extend the results from Sec. 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. we show examples where the model is trained on VoxCeleb and tested on
MUG. Additionally, in Fig. 21] the model is trained on VoxCeleb and tested on CelebV-HQ. Finally,
in Fig. the model is trained on CelebV-HQ and tested on VoxCeleb.
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Figure 7: 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.

H.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. to@ 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. [6).
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.



Figure 8: Reconstruction results of VoxCeleb (256 x 256). The first row for each pair is the original
video and the second row is its reconstruction.
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Figure 9: Reconstruction results of TaiChi-HD. The first row for each pair is the original video and
the second row is its reconstruction.

Figure 10: 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 11: 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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Figure 12: 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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Figure 13: 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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Figure 14: 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).

static €--real video --»dynamic

Figure 15: Unconditional dynamic (top) and static (bottom) swap results on CelebV-HQ (left),
VoxCeleb (middle), and TaiChi-HD (right).
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Figure 16: 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 17: VoxCeleb unconditional swapping. The middle row represents the original video (real),

the row above shows a dynamic swap (dynamics)
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and the row below shows a static swap (static).

Figure 18: TaiChi-HD unconditional swapping. The middle row represents the original video (real),
34

the row above shows a dynamic swap (dynamics)



Figure 19: 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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Figure 20: 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).

36



Figure 21: 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 22: 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 23: Traversing the latent space of DiffSDA via PCA reveals multiple dynamic variations on
CelebV-HQ, including surprised and serious expressions, and different head orientations.
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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.

40



Real video = = = =» Young

Old €@ m - -

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.
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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.

Figure 43: Traversing over various head angles.
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Figure 45: Traversing over facial expressions.
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Figure 47: Traversing over eyes openness factor.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

¢ You should answer [Yes] , ,or [NA].

* [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " ", itis perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading ‘“NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.
* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: We believe that the abstract claims are reflected in the paper.
Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: See the conclusions section.
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Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
Justification: App A and B
Guidelines:

» The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: See App C for hyperparameter App D for dataset information, and section 3
for the modeling.

Guidelines:

* The answer NA means that the paper does not include experiments.
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* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:
Justification: Code will be provided upon acceptance.
Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
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* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: See App C and D.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: See table 5.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: See Tables 6, 7 and 8.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.
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10.

11.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: Conforms with the NeurIPS Code of Ethics.
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
Justification: No societal impact of the work performed.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer:
Justification: The paper poses no such risks (NA).
Guidelines:

* The answer NA means that the paper poses no such risks.
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12.

13.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: Citation are present for relevant models and datasets.
Guidelines:

* The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

¢ For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: See App C and D.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

. Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: Crowd-sourcing experiments and research with human subjects irrelevant for
this paper.
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Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: No relevant risks identified.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: LLM used only for writing, editing and formatting purposes.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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